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ABSTRACT 
Forest degradation causes environmental damage and carbon emissions, 
but its extent and magnitude are not well understood.  New methods for 
monitoring forest degradation and deforestation show that more 
disturbance has occurred in the Amazon in recent decades than previously 
realized, indicating an unaccounted for source of carbon emissions and 
damage to Amazon ecosystems. 
 Forest degradation and natural disturbance change a landscape, but 
the visible damage apparent in satellite images may be temporary and 
difficult to differentiate from undisturbed forests.  Time series analysis of 
Landsat data used in a spectral mixture analysis improves monitoring of 
forest degradation and natural disturbance. In addition, the use of 
statistical inference accounts for classification bias and provides an 
estimate of uncertainty.  
		 viii 
 Application of the methodology developed in this dissertation to the 
Amazon Ecoregion found that forest degradation and natural disturbance 
were more prevalent than deforestation from 1995 to 2017. Of consequence, 
the total area of forest in the Amazon that has been recently disturbed is 
greater than previously known.  Overall, deforestation affected 327,900 km2 
(±15,500) of previously undisturbed forest in the Amazon while degradation 
and natural disturbance affected 434,500 km2 (±22,100). Forest degradation 
and natural disturbance occur more frequently during drought years, which 
have increased in frequency and severity in recent years. Deforestation has 
largely decreased since 2004, while forest degradation and natural 
disturbance have remained consistent.  
 Previously disturbed forests are lower in biomass than undisturbed 
forests, yet regeneration after disturbance gradually sequesters carbon. A 
carbon flux model shows that gross aboveground carbon loss from forest 
degradation and natural disturbance and deforestation from 1996 to 2017 
in the Amazon were 2.2-2.8 Pg C and 3.3-4.3 Pg C, respectively. Since 2008, 
however, carbon loss from degradation and natural disturbance has been 
approximately the same as from deforestation.  
  The methodologies developed in this dissertation are useful for 
monitoring deforestation and degradation throughout the world’s forest 
ecosystems. By leveraging dense data time series, statistical inference, and 
		 ix 
carbon modeling it is possible to quantify areas of deforestation and forest 
degradation in addition to the resulting carbon emissions. The results of 
this dissertation stress the importance of degradation and natural 
disturbance in the global carbon cycle and information valuable for climate 
science and conservation initiatives.   			 	 
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Chapter 1  
Introduction 
1.1 Background 
Anthropogenic and climate-driven forest disturbance have affected the 
Amazon in the 20th and 21st centuries, causing changes to the terrestrial 
carbon cycle, changing weather patterns, and loss of biodiversity (Armenteras 
et al., 2017; Baccini et al., 2012; Shukla et al., 1990; Werth, 2002). Regional 
forest monitoring is essential for understanding the role of disturbance in 
natural and human systems and was made possible with the development of 
Earth observation systems (Fearnside, 1982). The first images of 
deforestation in the Amazon came from the RADAM (Radar in the Amazon) 
project in the early 1970s, which was a Brazilian airborne campaign to map 
natural resources and land use with imaging radar (Projeto Radambrasil, 
1973). While unprecedented in geographic scope for its time, it was limited to 
a single survey and therefore did not allow for analysis of land cover change. 
Only with launch of the first Landsat and Advanced Very-High-Resolution 
Radiometer (AVHRR) satellites was change monitoring through comparison 
of multiple observations possible.  
 In the spring of 1973 Brazil began recording Landsat data at a 
receiving station at the Institute for Space Research (INPE) (Dejesusparada 
and Sonnenburg, 1978). The 80-meter spatial resolution and 18 day repeat 
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cycle made Landsat, originally named the “Earth Resources Technology 
Satellite”, suitable for land change monitoring. However, optical data in the 
Amazon is frequently undermined by clouds or atmospheric constituents. 
Furthermore, practical limitations made regional analysis difficult, as it 
required over 300 Landsat World Reference System 1 (WRS-1) scenes to map 
the entire Amazon Basin. Consequently, early attempts at forest monitoring 
using Landsat were based on image mosaics that included missing data due 
to clouds and little focus on the non-Brazilian Amazon (Fearnside, 1982; 
Hecht, 1981). 
 While the 1.1 km spatial resolution is coarser than Landsat, the daily 
repeat cycle of AVHRR increased the likelihood of cloud-free observations. 
First launched in 1978 onboard the Television and Infrared Observation 
Satellite (TIROS-N), the AVHRR sensors have recorded near-consistent data 
in 4-6 spectral bands since. However, the coarse spectral and spatial 
resolution in addition to sensor saturation led to a significant overestimate of 
deforestation in most initial studies (Fearnside, 1990). For example, Setzer et 
al (1988) estimated that 19% of the Brazilian state of Rondônia was 
deforested by 1987 when using AVHRR data, while the area was estimated 
as 9% when using a similar methodology but with Landsat (IBDF, 1989). 
Thus, early attempts to quantify deforestation in the Amazon varied widely; 
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estimates of deforestation from 1960 to 1980 ranged from 1-30% of the 
natural forest area (Hecht, 1981).  
In 1988 INPE began the Project for Monitoring Deforestation in the 
Legal Amazon (PRODES) to produce annual maps of deforestation in Brazil 
using hand delineation of Landsat and CBERS data (“Instituto Nacional de 
Pesquisas Espaciais,” 2000). PRODES maps anthropogenic deforestation in 
patches larger than 6.25 hectares in size in the Brazilian Legal Amazon. 
PRODES, while originally designed for domestic resource management, has 
been crucial in raising international awareness about deforestation in the 
Amazon and for developing conservation initiatives. PRODES products were 
used to create activity data for Brazil’s Forest Reference Emission Level 
(FREL) for the Reduced Emissions from Deforestation and Degradation 
(REDD+) program under the United Nations Framework Convention on 
Climate Change (UNFCC) (Environment, 2018). While the PRODES 
approach for monitoring deforestation has shown what is possible using 
satellite data and has been a highly successful program for decades, it is 
limited in a few regards. First, it is a Brazilian program and therefore is 
constrained to the Brazilian Legal Amazon. Additionally, PRODES only maps 
deforestation in patches larger than 6.25 hectares, and it notably does not 
include forest degradation or natural disturbance. It also does not include all 
Brazilian land covers in the Amazon. 
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1.2 Remote Sensing of Forests 
The evolution of forest monitoring in the Amazon has coincided with 
development of methodologies to monitor changes in land cover, land use, and 
condition in the 20th and 21st centuries. Table 1 outlines three general “eras” 
of forest remote sensing. The first era consists of aerial campaigns (such as 
RADAM) and the first satellite-based land monitoring systems. A major focus 
of this era was sensor development, in addition to local-to-regional 
assessment of natural resources. Data was not freely available, and forestry 
applications focused on resource mapping and local analysis of change from 
deforestation. A key development in this era was the transition from analog 
to digital data format (Liang, 2017). The new digital format allowed for image 
processing on computers rather than through manual interpretation. It is 
important to note that early stages of PRODES utilized manual 
interpretation of analog data (Shimabukuro et al., 2012). This requirement 
was one reason why PRODES began with a minimum mapping unit (MMU) 
of 6.25 ha, as that was the smallest patch size believed to be accurately 
delineated by hand. PRODES maintained the 6.25 ha MMU to, in part, 
maintain consistency with the historical data, demonstrating how processing 
limitations could constrain analysis beyond the specifications of the input 
data.   
Table 1. Key features of three "eras" of remote sensing for the monitoring of forests. 
There are overlaps between eras and not all earth observation systems were 
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mentioned. The first era consisted of sensor and methodology development, the 
second with regional analysis with medium resolution data, and the current era is 
defined by freely available high resolution data in addition to cloud computing and 
monitoring of forest traits or condition.  
Era	
Notable	platforms	
(Resolution)	(Spatial	
m.,	temporal	days)	
Key	features	 Forestry	applications	
1960s-Late	Mid	1990s	
⇒ RADAM	(1,	N/A)	
⇒ Landsat	1-3	(80,	18)	
⇒ Landsat	4	(30,	16)	
⇒ AVHRR	(1100,	2)	
⇒ Little	free	data	
⇒ Few	products	
⇒ Single	date	analysis	
⇒ Sensor	innovation	
⇒ Local	monitoring	
⇒ Forest	extent	
⇒ Large-patch	deforestation	
Late	1990s-Mid	2000s	
⇒ MODIS		(250,	1-2)	
⇒ ASTER	(15,	16)	
⇒ IKONOS	(.82,	3)	
⇒ Quickbird	(.65,	1-3)	
⇒ ICESAT	(70x170,	91	
⇒ Landsat	5-7	(30,	8)	
⇒ Some	free	data	
⇒ Low-level	static	data	products	
⇒ Manual	pre-processing	
⇒ Multi-date	analysis	
⇒ Data	innovation	
⇒ Regional	monitoring	
⇒ Deforestation	
⇒ Biomass	
Mid	2000s	-Now	
⇒ Sentinel	2	(10,	5-10)	
⇒ Sentinel	1	(5,	6)	
⇒ Landsat	8	(30,	8)		
⇒ PALSAR	1-2	(10,	46)	
⇒ Mostly	free	data	
⇒ Dynamic	Products	
⇒ Cloud	computing	
⇒ Automated	pre-processing	
⇒ Time	series	analysis	
⇒ Processing	innovation	
⇒ Global	monitoring	
⇒ Forest	condition	
⇒ Functional	traits	
⇒ Area	estimation	
⇒ Change	attribution	
 
 The second era of forest remote sensing began with the launch of the 
MODIS sensors, and included notable deployment of very-high-resolution 
platforms and continuation of the Landsat program. Prior to MODIS, 
regional analysis of forests was mostly based on 1.1 km AVHRR data 
(Franklin and Wulder, 2008). In this regard forest monitoring in the Amazon 
was an exception, in which higher resolution mapping of deforestation was 
achieved using Landsat (Inpe, 2008; Skole and Tucker, 1993). MODIS 
provides multi-spectral data at 250-500 m resolution, allowing for the 
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development of global datasets on land cover and use (Friedl et al., 2002). At 
the same time, the growth of commercial very-high resolution satellites 
proved beneficial for many forest monitoring applications, most notably as 
reference data for area and accuracy estimation.  
 The current era of forest remote sensing is defined by easy accessibility 
to computing resources in addition to open access to the 10 to 30 m resolution 
Landsat and Sentinel-2 data (Wulder et al., 2018). Dense time series of 
historical Landsat data analyzed on high performance computing systems 
facilitates methodologies that analyze surface trends through time. The 
Landsat archive provides over 40 years of information on land cover, which 
can be used to characterize the “normal” state of the surface and differentiate 
it from ephemeral noise. With dense time series it is also possible to 
characterize inter-annual and intra-annual trends, such as secondary forest 
dynamics, plant functional types, biomass gain and loss, and gradual 
ecosystem replacement due to climate change (Kennedy et al., 2010; Main-
Knorn et al., 2013; Mitchard et al., 2009; Pasquarella et al., 2017). This 
analysis can be performed over large areas on cloud computing systems such 
as the Google Earth Engine (GEE), Amazon Web Services (AWS), and cluster 
computing systems (Gorelick et al., 2017). These platforms have facilitated 
global analysis, including the first high resolution tree cover loss dataset 
(Hansen et al., 2013). However, while time series data have proven useful for 
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the monitoring of conditional changes, such analysis has not yet been widely 
achieved for the Amazon or other tropical regions. Two examples of such 
processes that represent conditional changes to a forest are degradation and 
natural disturbance (D/ND).  
 
1.3 Forest Degradation and Natural Disturbance 
In the International Panel on Climate Change (IPCC) Good Practice 
Guidelines (IPCC, 2006; Penman et al., 2003) forest degradation is not 
identified by name but the guidelines imply it “can be estimated as the effect 
on emissions and removals of human interventions on land continuing to be 
used as forests” (GFOI, 2016, p. 19), and further that “[forest] degradation is 
interpreted here as the processes leading to long-term loss of carbon without 
land-use change, otherwise there would be deforestation” (GFOI, 2016, p. 61). 
In this dissertation, I define forest degradation as: a loss of carbon and/or 
capacity to provide ecosystem services due to anthropogenic activities on 
forestland without a change in land cover. According to this definition, forest 
degradation can include, but is not limited to, selective logging or logging 
followed by regeneration, damage from adjacent development and 
deforestation, and fuelwood collection. Similarly, a natural disturbance is 
defined the same way but is caused by natural, but not regularly recurring, 
activities, and includes fire, windfall, and waterlogging.  
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Forest degradation and natural disturbance are defined based on whether 
the cause is natural or anthropogenic, but that distinction is not always clear. 
For example, fire is a natural process but rarely occurs naturally in the 
Amazon. Instead, fires are normally started for vegetation management and 
can spread into surrounding forests (Cochrane and Schulze, 1999; Nelson, 
1994). Logging of the forest can create a positive feedback that reduces 
evapotranspiration and promotes high-risk fire conditions or tree mortality 
due to windthrow in exposed canopies (Brando et al., 2014; Cameron, 2002). 
Accordingly, the difference between degradation and natural disturbance is 
often unclear and the causes overlapping. Therefore, in this dissertation I 
often pursue degradation and natural disturbance together, abbreviated as 
D/ND, when referring to a forest disturbance that results in only a partial 
change to the canopy.  
In recent years, the estimated area of deforestation in the Brazilian 
Amazon has become well constrained. For example, from 2001 to 2010, 
PRODES mapped 165,300 km2 of deforestation, Souza et al. (2013) mapped 
169,100 km2 of deforestation, and Tyukavina et al. (2017) estimated 169,100 
km2 of human clearing. While they estimated a very similar area of 
deforestation/human clearing, Souza et al. (2013) and Tyukavina et al. (2017) 
found 50,800 km2  and 30,200 km2 of D/ND, respectively. Similarly, from 2007 
to 2010 the Brazilian DEGRAD program (Inpe, 2008) found 64,200 km2 of 
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anthropogenic forest degradation, while Souza et al. (2013) found 21,200 km2 
of D/ND and Tyukavina et al. (2017) found 5,500 km2. While the large 
inconsistencies in the estimates reflect differences in estimation procedures, 
definitions of land cover and change, and input data, they are also due to 
well-documented difficulties in monitoring D/ND (Herold et al., 2011b; 
Lambin, 1999a; Mitchell et al., 2017).   
Furthermore, as most studies have focused on Brazil, neither 
deforestation nor D/ND in the non-Brazilian Amazon have been verifiably 
estimated. As a result, the total area impacted by disturbance in the Amazon 
is highly uncertain: sub-regional estimates suggest that D/ND impacts on 
average 14-123% of the area of deforestation, and as much as 500% the area 
due to fires in severe drought years (Aragão et al., 2018; Asner et al., 2013, 
2005; Souza et al., 2013; Tyukavina et al., 2017). Carbon emissions from 
D/ND in some regions have even been shown to be greater than those from 
deforestation, although they are often not included in large-area climate 
models or national greenhouse gas inventories (Harris et al., 2012; Pearson et 
al., 2017). Reducing these uncertainties is essential for prioritizing 
conservation initiatives and for understanding the impact of forest 
disturbance in the Amazon on biodiversity and on climate change.  
Debate over the role of tropical forest disturbance in the carbon cycle has 
intensified in recent years, due in part to the findings of Baccini et al. (2017), 
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which determined that disturbance in tropical forests result in a net source of 
carbon emissions into the atmosphere. The results differ from previous 
studies that found tropical forests to be a net carbon sink, and the authors 
note that an important difference from the previous studies is the inclusion of 
D/ND, which accounted for 69% of the total emissions. The results were found 
using a gain/loss approach that estimated net change within 500m MODIS 
grid cells and, therefore, the emissions could not be attributed to specific 
D/ND events. Limitations to the approach were described in Matthew C 
Hansen, Potapov, and Tyukavina (2019), but it should be noted that the 
estimated emissions from D/ND were significantly higher than previously 
reported (Pearson et al., 2017). Evidently, the total emissions from D/ND 
remain subject to debate and, thus, uncertainty exists as to the role of forests 
in the Amazon on the global carbon cycle.   
 
1.4 Reduced Emissions from Deforestation and Degradation  Developing	countries	are	eligible	for	monetary	compensation	for	emissions	reductions	associated	with	reduced	rates	of	forest	degradation	through	the	United	Nation’s	Reduced	Emissions	from	Deforestation	and	Degradation	(REDD+)	Program	(UNFCCC,	2014).	In	fact,	forest	degradation	is	identified	as	one	of	the	key	REDD+	activities	in	the	UNFCCC	Cancun	Agreements	(United	Nations,	2010).	The	IPCC	recommends	the	use	of	activity	data	(i.e.	information	on	anthropogenic	activities	
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that	cause	emissions	or	removals	of	atmospheric	carbon,	such	as	deforestation	and	degradation),	and	emission	factors	(changes	in	carbon	stock	caused	by	these	activities),	for	estimation	of	emissions	and	removals	of	greenhouse	gases	over	large	areas	(Milne	and	Jallow,	2005).	The	activity	data	are	typically	estimated	from	sample	data	that	is	obtained	under	sampling	designs	in	which	change	maps	are	used	to	stratify	the	study	area	(GFOI,	2016).	The	most	practical	way	of	creating	maps	of	change	over	large	areas	is	the	use	of	remote	sensing	data,	which	has	proven	proficient	for	generating	activity	data	(or	area	estimates)	for	deforestation	(Environment,	2017;	Goetz	et	al.,	2014;	Potapov	et	al.,	2014).	However,	while	forest	degradation	is	a	REDD+	activity,	no	available	methodology	has	proven	effective	for	routinely	mapping	forest	degradation	(Herold	et	al.,	2011).	Therefore,	most	countries	have	yet	to	establish	their	FREL	for	degradation	and	most	REDD+	monitoring	systems	do	not	actively	quantify	and	report	on	emissions	related	to	forest	degradation	(Hosonuma	et	al.,	2012;	UNFCCC,	2016).				 It	is	evident	that,	historically,	methodological	limitations	for	monitoring	D/ND	have	led	to	scientific	uncertainties.		Remote	sensing	analysis,	however,	has	progressed	substantially	since	RADAM	first	observed	the	Amazon.	We	are	now	in	an	era	of	forest	monitoring	that	benefits	from	freely	available	data,	cloud	computing,	standardized	data	collections,	and	well-tested	approaches	to	image	processing.	Thus,	there	is	still	much	to	learn	about	the	role	of	tropical	forest	disturbance	in	Earth’s	natural	and	human	systems.		
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1.5 Dissertation Structure 
My dissertation explores the use of remote sensing analysis, statistical 
inference, and Monte Carlo simulation for monitoring D/ND, deforestation, 
and disturbance-related carbon dynamics in the Amazon. This dissertation is 
structured according to three research chapters.  
1.5.1 Monitoring tropical forest disturbance using spectral unmixing and 
Landsat time series analysis 
Previous research has shown that spectral mixture analysis can enhance the 
detection of D/ND due to selective logging and fire when compared to 
traditional vegetation indices (Schultz et al., 2016; Souza et al., 2005). This 
chapter extends that approach into the time series domain using all available 
Landsat data. The resulting Continuous Degradation Detection (CODED) 
algorithm for monitoring D/ND and deforestation is developed and tested. 
CODED is specifically designed to address past difficulties in monitoring 
D/ND and is implemented on the Google Earth Engine (GEE). The initial 
development and testing of the algorithm is for Rondônia, Brazil.  
1.5.2 Forest Disturbance in the Amazon Ecoregion 1995-2017 
In this chapter, CODED is applied to the Amazon Ecoregion to create a 
dataset of deforestation and D/ND from 1995 to 2017. Sample-based 
statistical inference is used to estimate the area and the associated 
uncertainty for biennial intervals. The results suggest that D/ND, largely 
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driven by severe drought events, has affected more area than deforestation 
over the study period. While deforestation has largely decreased since 2004, 
D/ND has remained consistent and now frequently affects more of the 
Amazon than deforestation.  
1.5.3 Carbon Dynamics of Forest Disturbance in the Amazon 
Total carbon loss from forest disturbances consists of loss from deforestation 
plus loss from degradation and natural disturbances (D/ND). In this chapter, 
I use a carbon flux model to estimate emissions from aboveground biomass 
due to disturbance and removals due to regeneration in the Amazon. Results 
suggest that deforestation resulted in significantly more gross carbon loss 
than D/ND from 1996 to 2008, but approximately the same from 2008 to 
2017. Overall, forest disturbance in the Amazon contributes 11-56% of global 
emissions from land use change and 0.6-3.8% of total anthropogenic carbon 
emissions.  	  
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Chapter 2  
Monitoring tropical forest disturbance using spectral 
unmixing and Landsat time series analysis 
2.1 Introduction 
While there is no internationally accepted definition of forest degradation, it 
can generally be defined as a disturbance caused by human intervention in a 
forested landscape that results in carbon emissions and/or reduced ecological 
capacity but not a change in land cover (GFOI, 2016, p. 19). Compared to 
intact forests, degraded forests are often lower in biomass, less ecologically 
productive, fragmented, and lower in canopy cover (Edwards et al., 2011). 
However, information on the rates and locations of degradation vary widely; 
global estimates of the carbon emissions from degradation and natural 
disturbance (D/ND) range from 40 to 212% of those for deforestation (Baccini 
et al., 2017; Berenguer et al., 2014; Pearson et al., 2017). This large 
uncertainty is primarily due to the difficulties in monitoring D/ND over large 
areas and, as a consequence, large uncertainties remain in the role of forest 
disturbances in the terrestrial carbon cycle (Pan et al., 2011). 
Rates and areas of land change can be mapped from remote sensing data 
using image-processing techniques that are based on change detection or 
classification. Change detection is possible because changes in land surface 
conditions alter the spectral signature measured by the satellite, but its’ 
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subtle and spatially-isolated nature makes remote sensing of D/ND difficult 
(Goetz et al., 2009). Furthermore, D/ND often occurs at a smaller spatial 
scale than easily available remote sensing data. High-resolution data has 
been used in the past (Asner et al., 2013; Franke et al., 2012; Rahm et al., 
2013), but the cost of acquiring multiple images over the same area makes 
routine monitoring problematic (Goetz et al., 2014). This limitation has 
meant that many approaches to monitoring D/ND using high resolution 
imagery have utilized only one observation for the study region (Aalders et 
al., 2015; Asner et al., 2013; Connette et al., 2016).  
There are significant limitations to approaches for mapping D/ND that 
rely on a single image. Clouds, cloud shadows, atmospheric constituents, or 
missing or mis-registered data can cause errors or exclude large regions from 
analysis. The use of single-date images for detecting D/ND has often relied on 
identifying canopy gaps (Asner et al., 2013), which is problematic as many 
tropical environments naturally contain non-continuous canopies due to 
climatic or geologic limitations (Hirsch, 1990). For example, an estimated 
22% of Brazil consists of open-canopy Cerrado forests, second only to the 
Amazon rainforest in size among major biomes (Marquis, 2002; Ratter et al., 
1997). Therefore, an approach to monitoring D/ND that is based on canopy 
cover alone is not a robust indicator of D/ND in open canopy forests. 
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For accurate monitoring of D/ND, historical imagery and frequent 
image acquisitions are important (Herold et al., 2011), but the use of such 
data is not possible if relying on high resolution data. For small-scale events 
such as selective logging, the regrowth of vegetation can occur quickly after 
the event, causing the resulting canopy damage to be indistinguishable from 
the surrounding forests in a short amount of time (Souza and Roberts, 2005). 
Alternative causes of D/ND, such as biomass removal for fuelwood collection, 
can be a gradual process. Thus, the use of high-resolution imagery prohibits 
the characterization of both the history and the post-disturbance dynamics of 
the landscape, which is required for estimation of the carbon emissions 
associated with the disturbance event. The temporal variations and the 
importance of the landscape history imply that continuous monitoring and 
minimal gaps between image acquisitions is preferable (Lambin, 1999b). 
These issues suggest that a robust system for monitoring D/ND would take 
into account both the spatial and temporal attributes of the disturbances, and 
thus should rely primarily on repeated observations from a system like 
Landsat or Sentinel-2. 
Unlike high-resolution imagery, Landsat data are freely available at 8-
to-16 day intervals at 30-meter spatial resolution. The free data policy of the 
Landsat program combined with a relatively high observation frequency and 
a spatial resolution suitable for environmental remote sensing have allowed 
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the development of land monitoring algorithms that take advantage of the 
seasonal and/or long-term trends in the data (Brooks et al., 2014; Kennedy et 
al., 2010; Verbesselt et al., 2010; Zhu and Woodcock, 2014). Many of these 
techniques utilize classical approaches to structural break detection for 
detecting disturbances in a time series. Time series-based approaches are 
less susceptible to erroneous results due to image “noise” and are capable of 
characterizing both long-term and abrupt changes to landscapes (Zhu, 2017).  
To date, time series-based approaches have usually been used to 
monitor disturbance events that are larger than the spatial resolution of the 
data. D/ND events, however, frequently occur at a scale smaller than 30 
meters (Herold et al., 2011). An approach to monitoring sub-pixel D/ND 
events with individual Landsat images has been the use of spectral mixture 
analysis (Souza and Barreto, 2000). Spectral mixture analysis assumes that 
every pixel is composed of varying proportions of spectrally pure endmembers 
(Adams et al., 1986). The proportion of each endmember is dependent on the 
composition and structure of the physical elements in the pixel. In this 
approach, a forested pixel would not need to be entirely cleared to alter the 
sub-pixel endmember proportions. Souza et al. (2013) utilized spectral 
mixture analysis for monitoring D/ND in the Brazilian Amazon. However, the 
approach utilized a single image for each year and was therefore susceptible 
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to the issues outlined above. Additionally, their methodology was limited to 
monitoring D/ND in dense canopies and excluded open-canopy forests.  
The goal of this chapter was to develop a new methodology that is 
capable of mapping and estimating D/ND and deforestation over large areas. 
Specifically, the goals were to: 1) extend the methodology utilized in Souza et 
al. (2013) to the temporal domain for continuous monitoring of forest D/ND 
and deforestation; and 2) apply the methodology to the Brazilian State of 
Rondônia and estimate areas of deforested and disturbed forest from 1990 to 
2013.  
2.2 Study area 
	
Figure 1. The study area located in the Brazilian State of Rondônia (red grid).  
Rondônia is located in Western Brazil along the border with Bolivia (Figure 
1). The Amazon tropical forest biome covers the majority of Rondônia, while 
large swaths of Cerrado occur in the southern portion of the State (Eiten, 
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1972). Deforestation in Rondônia was minimal until the 1960s (Brondizio and 
Moran, 2012). The development of the BR-364 highway in the 1960s provided 
a link between Rondônia and the Atlantic ocean, eventually leading to large-
scale deforestation due to expansion of cattle pastures and agriculture 
(Barona et al., 2010; Browder and Godfrey, 1997). Small-scale clearings for 
logging, shifting cultivation, or ranching have also been an influential driver 
in forest conversion (Pedlowski et al., 1997). Much of the logging has occurred 
illegally in dedicated conservation areas (Chomentowski et al., 2005). Natural 
disturbance such as windfall and waterlogging are common and can also 
disturb forests. According to SEDAM, Rondônia’s The Secretary of State for 
Environmental Development, 24% of Rondônia’s original forested land had 
been converted to other land covers by 1996 (SEDAM, 1996).  
Like the rest of Brazil, deforestation in Rondônia began to slow after 
2004 due in part to the implementation of the Action Plan for the Prevention 
and Control of Deforestation in the Legal Amazon (PPCDAm) (PPCDAm, 
2004). PPCDAm consisted of a series of multi-sectoral policies aimed at 
incentivizing conservation and de-incentivizing forest conversion. While 
Brazil's National Institute for Space Research (INPE) has tracked 
deforestation since the 1970s, no such information is currently available for 
D/ND (INPE, 2000). Therefore, the effects of the recent policies on the rates of 
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D/ND in the area are not well understood. To explore long-term trends in 
D/ND we defined our study period as being from 1990 to 2013. 
2.3 Input Data 
All available Landsat Collection 1 surface reflectance data were utilized for 
the analysis. Collection 1 data is converted to surface reflectance using the 
LEDAPS (TM/ETM+) and LaSRC (OLI) algorithms (Masek et al., 2012; 
Vermote et al., 2016). The pre-processing and disturbance monitoring was 
performed using the Google Earth Engine (GEE) Python and Javascript APIs 
(Gorelick et al., 2017). Training data for land cover classification were 
collected on the GEE browser interface.  
2.4 Methodology 
2.4.1 Spectral Mixture Analysis and NDFI Souza	et	al.	(2005)	related	field	data	on	cleared,	selectively	logged,	and	non-disturbed	forests	in	the	Amazon	to	proportions	of	Soil,	Shade,	green	vegetation	(GV),	and	non-photosynthetic	vegetation	(NPV)	using	a	linear	mixture	model.	Dense	forests	contained	large	fractions	of	GV,	low	Soil	and	NPV	fractions,	and	lower	Shade	than	the	other	land	covers	in	the	area.	Cleared	forests	contained	high	Soil	and	NPV	fractions	and	thinned	forests	contained	higher	canopy	Shade	and	lower	GV	than	non-disturbed	forests.	A	ratio	of	endmember	fractions,	the	Normalized	Degradation	Fraction	Index	(NDFI),	was	developed	to	emphasize	the	difference	between	non-disturbed,	thinned,	and	cleared	forest	pixels.	NDFI	is	defined	as:	
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𝑁𝐷𝐹𝐼 =  𝐺𝑉!!!"# − (𝑁𝑃𝑉 + 𝑆𝑜𝑖𝑙)𝐺𝑉!!!"# + (𝑁𝑃𝑉 + 𝑆𝑜𝑖𝑙)	where,	
𝐺𝑉!!!"# =  𝐺𝑉1− 𝑆ℎ𝑎𝑑𝑒	NDFI	values	range	from	-1	to	1.	Dense	canopy	forests	have	an	NDFI	value	close	to	1.	A	decrease	in	tree	cover	will	result	in	a	decrease	in	NDFI	and	a	complete	clearing	of	the	forest	results	in	a	value	approaching	-1.	Open	canopy	forests	have	NDFI	values	similar	to	dense	forests	that	have	been	thinned	due	to	their	similar	canopy	structure	(Figure	2).			
	
Figure 2. An example of a logged forest in an image that has been transformed into 
proportion GV, Soil, NPV, and Shade, and used to calculate NDFI. Notice that the locations 
that have been cleared have lower proportion GV, higher proportion Soil, NPV, and Shade, 
and higher NDFI than areas that have been only thinned.  
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2.4.2 Continuous Degradation Detection (CODED) 
	
Figure 3. Schematic representation of the Continuous Degradation Detection (CODED) 
methodology.  
All Landsat images used in the analysis were transformed into endmember 
fractions representing proportion GV, NPV, Soil, Shade, and Cloud using the 
‘unmix’ function in GEE. The unmixing algorithm is a simple linear mixture 
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model that uses a single set of endmembers for unmixing each image. We 
constrained the model to return endmember proportions that sum to one and 
are non-zero. The spectral endmembers in Souza et al. (2005) were used in 
this analysis, with the exception of the cloud endmember (Table 2). A total of 
136 images from seven WRS-2 scenes in Rondônia were used to calculate 
candidate cloud endmembers using the N-FINDR algorithm (Winter, 1999). 
The cloud endmember was used to exclude cloud-contaminated pixels that 
were missed by FMask. The endmember fractions are then used to calculate 
NDFI. 
Table 2. Spectral endmembers used for spectral mixture analysis. The endmembers were 
used to estimate the fractions of each endmember in each pixel. The GV, NPV, Soil, and 
Shade endmembers were adopted from (Souza et al., 2005) while the Cloud endmember was 
derived from 136 potential endmembers from images in the study region. 
Endmember	 B1	 B2	 B3	 B4	 B5	 B7	GV	 0.05	 0.09	 0.04	 0.61	 0.30	 0.10	NPV	 0.14	 0.17	 0.22	 0.30	 0.55	 0.30	Soil	 0.20	 0.30	 0.34	 0.58	 0.60	 0.58	Shade	 0.00	 0.00	 0.00	 0.00	 0.00	 0.00	Cloud	 0.90	 0.96	 0.80	 0.78	 0.72	 0.65	
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Figure 4. The time series for two pixels that undergo D/ND (left column) and deforestation 
(right column). The date of disturbance is indicated with the red dashed line. The data 
represent all cloud-free observations for the pixels for GV, NPV, Soil, Shade, and NDFI. 
NDVI is shown for comparison. Notice that NDVI has more variability during the period of 
stable forest, and that the disturbances result in a lower magnitude change than in NDFI.  
The change detection component of CODED operates on the time series of 
each pixel in the study region (Figure 4). Ordinary least square (OLS) 
regression models are fit to the time series of all endmember fractions and 
NDFI data.  
𝑦(!,!) =  𝛽! +  𝛽!𝑥 + 𝛽!𝑐𝑜𝑠 2𝜋365.25 𝑥 +  𝛽!𝑠𝑖𝑛 2𝜋365.25 𝑥   
where, 𝑥 = day of year 
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𝑦(!,!) = predicted endmember or NDFI i at time x 𝛽! = coefficient for overall magnitude or intercept 𝛽! = coefficient for inter-annual variability or slope 𝛽!,! = coefficients for intra-annual variability  
The OLS models were fit for an initial training period of 1984-1989. The 
intercept (normalized to the mid-point of the model period) and intra-annual 
variability coefficients in addition to the model root-mean-squared error 
(RMSE) were used as inputs to a Random Forests classifier to assign land 
cover labels for the training period. A total of 1,250 training pixels were 
selected for the land covers of forest, agriculture or pasture, Cerrado or 
natural grassland, developed, and water (Figure 6). Locations of Cerrado that 
contained over 10% tree cover were included in the forest class. Only locations 
classified as forest for the training period were used in the disturbance 
monitoring. 
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Figure 5. Average values for the 20 inputs used for land cover classification derived from 
the training data from 1984-1989. The regression coefficients and RMSE for the four 
endmembers and NDFI are used to assign land cover labels and every location that are 
classified as forests are used in the subsequent change detection process. Notice that the 
forests class has high intercepts for NDFI and GV and low RMSE, agriculture tends to have 
high RMSE for most proportions, water has a high Shade intercept, development has a low 
NDFI intercept, and Cerrado has large cosine terms for GV and NDFI. These differences 
help separate the classes during the land cover classification stage of the algorithm.  	
The disturbance monitoring was performed using NDFI during the period 
1990-2013. Previous research has shown NDFI to be more sensitive to 
tropical forest disturbances than other spectral indices (Schultz et al., 2016). 
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However, we found that water and agriculture can occasionally have NDFI 
values similar to forests (Figure 6). Therefore, we found it sufficient to rely on 
NDFI for change detection but include the regression coefficients for GV, 
NPV, Soil, and Shade as inputs for land cover classification. 
	
Figure 6. Scatterplot of two of the inputs to land cover classification from the regression 
models. Points represent training sample locations during the training period. These inputs 
are just 2 of 20 input variables used for land cover classification (see Figure 5).  	
		
28 
CODED is closely related to the Continuous Change Detection and 
Classification algorithm (CCDC; Zhu and Woodcock, 2014) but altered to 
target D/ND and deforestation. The OLS model during the training period 
was used to predict future NDFI observations. The residuals of the 
observations were normalized by the training model RMSE to calculate a 
change score for each observation, which is roughly equivalent to a Z-score. If 
the change score was below a threshold of -5 for five consecutive observations 
then the model indicated a disturbance (Figure 3). The motivation to use such 
a high value for the change score and consecutive observations is that 
deviations beyond the average variability of the data are common due to a 
variety of causes ranging from missed clouds to noise in the imagery or 
uncertainties in atmospheric correction process as well as minor changes in 
vegetation state or condition. The change score is dependent on the model 
RMSE and, consequently, a pixel with low natural variability during the 
training period will be sensitive to more subtle disturbances than one with 
high variability. The RMSE of NDFI for a stable forest is generally low, 
suggesting that it would be sensitive to low magnitude disturbances (see 
Figures 4, 5).  While this indicates that NDFI would also be sensitive to 
ephemeral “noise” in the image data, the requirement that multiple 
consecutive observations exceed the change threshold minimizes the chance 
of false change detection.  
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An example of a time series of NDFI for a pixel that undergoes a D/ND 
event can be seen in Figure 7. The location of the event is in a heavily 
fragmented area, much of which has been converted to pasture or agriculture. 
Around 2009 a fire caused a decrease in NDFI which triggered the detection 
of the disturbance. The decrease in NDFI caused by the disturbance, 
quantified as the average change score over the five-observation window, is 
recorded as the change magnitude. Lower NDFI values correspond to higher 
proportions of Soil or NPV. Therefore, the change magnitude is assumed to be 
an approximate indicator of the amount of tree removal or canopy damage 
that occurred due to the disturbance. The change magnitude was later used 
in the post-processing stage when identifying possible false disturbance 
labels.  
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Figure 7. An example of a pixel that undergoes a D/ND event. The top row contains Landsat 
5-4-3 composites before (left), during (center) and after (right) the disturbance event. The 
middle row contains the same images transformed into NDFI. The bottom is the NDFI time 
series for the pixel labeled in red in the images. Since the disturbance did not result in a 
land cover change it is labeled as a D/ND event.  	
After detecting the disturbance, a new regression model is fit to the NDFI 
data and endmember fractions. The models after the disturbance begin a year 
after the event is detected to avoid fitting the model to the early stages of 
forest regrowth in D/ND events (Figure 7). The ratio of the intercept term for 
the NDFI regression model before the disturbance to the intercept term after 
the disturbance is recorded as the post-disturbance recovery (Figure 3). In 
Figure 7, the recovery is fast and within five years the NDFI returns to a 
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similar magnitude as it was before the disturbance. The post-disturbance 
recovery is used later to identify D/ND events that were mis-classified as 
deforestation. The regression coefficients in the model after the disturbance 
are used for post-disturbance land cover classification. A Random Forests 
classifier is used to assign land cover labels to every time segment (Figure 5) 
such that a land cover label is associated with every location and time period 
within the study area. Disturbances that result in a change in land cover are 
labeled as deforestation, and those that do not as degradation or natural 
disturbance. As can be seen in the Landsat imagery in Figure 7, the location 
does not undergo a landcover change and is therefore classified as 
degradation or natural disturbance.   
Based on the training data for stable forests during the training period, 
the change threshold was exceeded in just 5% of the observations, which 
indicates that in 5% of the pixels there are factors such as clouds or smoke 
that incorrectly produce the conditions that would indicate a change. Since 
these factors are ephemeral, however, the five consecutive observation 
requirement prevents an incorrect classification of disturbance (Figure 8). 
The requirement of consecutive observations reduces errors of commission, 
but may also result in errors of omission if the disturbance event is only 
apparent for less than five observations.  
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Figure 8. Change scores for all images in the training period for the training data. The 
change threshold in indicated in the red dotted line. If 5 consecutive observations have a 
change score lower than the threshold a disturbance is identified.  
Since the model runs continuously through time, multiple D/ND or 
deforestation events can be detected during the study period. Figure 9 shows 
an example of a location that undergoes two disturbances. The first 
disturbance does not result in complete removal of the canopy, and following 
the disturbance the forest appears to regrow. The second disturbance results 
in a land cover change. Therefore, the first disturbance label is D/ND and the 
second is deforestation.  
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Figure 9. The time series for a location that undergoes two disturbances. The top row of 
imagery shows the original Landsat data in 5-4-3 stretch and different stages of the 
disturbance, the middle shows the calculated NDFI images, and the bottom shows the time 
series for the location showed in while in the images. A logging event causes a temporary 
change in the NDFI time series around 1990. The models on both sides of the disturbance 
are classified as forest and the disturbance is labeled as D/ND. Later, a second disturbance 
causes a change in land cover. Notice the difference between low-magnitude and temporary 
D/ND event and the higher magnitude deforestation event.  
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Figure 10. Output data calculated using the CODED algorithm. The outputs include dates of 
disturbances, disturbance magnitude, post-disturbance recovery, post-disturbance land 
cover class, and disturbance label. The date, magnitude, and recovery are continuous 
numerical values that are simplified on the legend for visualization purposes.  	
For every disturbance detected by CODED there is an associated disturbance 
date, magnitude of change, level of recovery, classification of the pre- and 
post-disturbance land cover, and disturbance label (Figure 10). A spatial 
buffer and segmentation post-processing routine is applied to eliminate 
disturbance events that are spatially isolated and small in size and 
magnitude. Disturbance events in the region have been shown to be almost 
entirely near previous disturbances or development (Alves et al., 1998). 
Exceptions are natural disturbances such as fires or windthrow, but these 
disturbances tend to result in a high change magnitude and therefore would 
not be removed during the post-processing. Therefore, we defined a set of 
criteria to remove unrealistic disturbance events. A disturbance is removed 
from the dataset if all of the following criteria were met:  
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• The post-disturbance recovery is greater than .99, indicating that the 
intercept term for NDFI after the disturbance is at least 99% of the 
magnitude of the intercept term before the disturbance. This criterion 
would exclude events that cause long-term changes in NDFI. 
• The event occurs in a location that is greater than 500 meters from a 
non-forest land cover or a previous disturbance event that does not 
meet these criteria.   
• There are no other disturbance events within a 1-pixel buffer and with 
a disturbance date within a 3-year window.  
• The change magnitude is greater than -6. Since the change threshold is 
-5, only very low magnitude changes would meet this requirement.  
The post-processing routine removed spurious noise that was labeled as a 
disturbance in areas of stable forests. Because a location can contain multiple 
disturbances, it is possible that one of the disturbances is removed by the 
post-processing routine while others remain. While the post-processing 
routine can potentially remove isolated pixels, all four of the criteria must be 
met for it to be removed. Therefore, the resulting maps retain a minimum 
mapping unit (MMU) of 30m. Maps of deforestation and D/ND can be created 
for any subset of time within the monitoring period (Figure 11). 
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Figure 11. A. A Landsat 5-4-3 image before the study period on 1989-09-19, B. An image 
during the study period and in the middle of a logging event on 2005-10-17. C. An image 
after the study period on 2016-09-29. D. Disturbance classification for the period of 1990-
2013. Notice the areas thinned in B. but appearing as forests in C. are classified as D/ND 
while the areas converted to pasture are classified as deforestation.  
2.4.3 Estimation of area and accuracy 
Any map constructed by classification of satellite data will contain 
classification errors. Errors are inevitable as the translation of 
measurements of reflected sunlight into complex land surface processes – in 
particular forest D/ND and post-disturbance recovery – is inherently difficult. 
If classification errors are present, the areas of land categories as depicted by 
the map will be incorrect. The estimation of areas is better accomplished by 
applying an unbiased estimator to a sample of reference observations (GFOI, 
2016). The sample data are collected by probability sampling and the 
reference observations are the best available assessments of the reference 
conditions on the ground (Olofsson et al., 2014). In addition to adjustment for 
classification errors by the unbiased estimator, a sample-based approach to 
estimation allows for quantification of the uncertainty of area estimates by 
estimation of confidence interval. The sample data also allow for estimation 
of map accuracy by comparing map labels to the reference observations. 
Further, sample-based estimation of area is stipulated by the IPCC in their 
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good practice guidelines for greenhouse gas inventories. Good practices state 
that inventories should be (IPCC, 2003) “neither over-nor underestimates so 
far as can be judged, and in which uncertainties are reduced as far as 
practical.” These two criteria are directly related to bias, which is a property 
of an estimator, and uncertainty, which can be quantified by a confidence 
interval (GFOI, 2016). Therefore, land change information, obtained directly 
from a map through “pixel counting” is not consistent with proper reporting 
protocols. The rationale holds true also for forest D/ND. 
Because land change, and D/ND in particular, tends to be a small part of 
the study area relative to areas of stable land categories, a stratification of 
the study area based on a map that depicts the categories of interest ensures 
sufficient statistical representation of rare categories such as deforestation 
and D/ND (Olofsson et al., 2014). There are a variety of unbiased estimators 
available but when using discrete map classes to construct strata the 
stratified estimator has proven efficient (Cochran, 1977; GFOI, 2013; 
Olofsson et al., 2013a). To test the efficiency of the maps of D/ND and 
deforestation generated by the presented approach (and to assess their 
accuracy) in a sampling-based approach to estimation of the area of D/ND in 
Rondônia, a map for the time period of 1990 to 2013, displayed in Figure 12, 
was produced to define strata (names of strata/map classes are italicized and 
capitalized): 
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• Forest1: Stable forest that did not exhibit any disturbances. A forest 
was defined as any pixel that contained over 10% tree cover and 
includes forested Cerrado.  
• Non-Forest: Non-forested area including water, grassland, 
development, and agriculture. Land cover or condition changes can 
occur in the Non-Forest stratum as long as the land cover was not 
forest at the time of the disturbance.  
• Deforestation1: Any area that was deforested within the study period 
that did not meet the requirements for the Deforestation2 stratum. 
Deforestation explicitly requires a conversion from forest to non-forest.  
• Deforestation2 (Possible D/ND): Locations that were classified as 
deforestation but were also identified as being potentially mis-
classified as deforestation instead of D/ND. The criteria for this 
stratum were applied to pixels that were classified as deforestation but 
had a post-disturbance recovery above .90 (Figure 10), indicating that 
the land cover after the disturbance corresponds to NDFI that is 
similar in magnitude to the observations before the disturbance. We 
hypothesize that pixels meeting this criterion have a high likelihood of 
containing errors of omission for D/ND.  
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• D/ND: Any pixel that underwent at least one D/ND event but no 
deforestation. D/ND explicitly requires a disturbance with no 
conversion of land cover.  
• Forest2 (Possible disturbance): A post-stratum, or a stratum created 
after the original stratification, for pixels classified as forest but 
identified as having a high-probability of having experienced a 
disturbance. The criteria for this post-stratum were a two-pixel buffer 
around disturbance events and any pixels that were originally labeled 
as a disturbance but removed due to the post-processing procedure.  
	
Figure 12. Map strata and date of first disturbance for forest disturbances from 1990 to 2013. 
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The Deforestation2 and Forest2 strata were included to improve the precision 
of the area estimate of D/ND. The impact of sample units in the large Forest 
stratum identified as D/ND in the reference data – i.e. errors of omission of 
D/ND – on the standard error of the area estimate of D/ND is directly related 
to the area weight of the stratum that contained the omission (William 
Gemmell Cochran, 1977). Because the Deforestation stratum is much larger 
than the D/ND stratum, the goal of the Deforestation2 stratum was to 
concentrate sample units identified as D/ND but mis-classified as 
deforestation into a stratum with relatively small area weights. The Forest2 
post-stratum was used for the same reasons, i.e. to concentrate omitted D/ND 
and deforestation sample units in in a smaller stratum (Forest1). For a post-
stratified estimator to be unbiased, however, the original sample needs to 
include pixels that are within the post-strata (Stehman, 2013). We 
hypothesized that the large sample size in Forest1 (500; see next section) and 
the stratum weight of Forest2 (.066) would ensure that sample units were 
within the post-stratum. Therefore, we used Forest2 as a post-stratum and 
Deforestation2 as part of the sampling design (i.e. a “pre-stratum”). The 
Forest2 post-stratum is similar to the use of a spatial “buffer” stratum; an 
approach that becoming increasingly popular to contain the impact of 
omission error in forest monitoring applications (Arevalo et al., 2018; Hansen 
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et al., 2016; Potapov et al., 2017; Tyukavina et al., 2013). The difference is 
that in our case, the Forest2 stratum also incorporates information from the 
model to identify possible disturbance events instead of relying on spatial 
proximity to other disturbances.  
Table 3. Strata area, weights, and sample allocation. Forest2 was not assigned any samples 
because it was a post-stratum.  
	 Forest1	 Non-Forest	 Deforestation1	 Deforestation2	 D/ND	 Forest2	
Area	(ha)	 10936185		 4512933		 4279446		 1147116		 1170166		 1586974		
Wi	(%)	 46.26		 19.12		 18.12		 4.845		 4.99		 6.66		
Samples	 500	 175	 175	 75	 75	 0		
We calculated the total sample size for our stratified random sample using 
Equation 13 in Olofsson et al. (2014) but modified to set a target standard 
error of the area of D/ND as opposed to overall map accuracy. Targeting a 
10% margin of error, defined as two standard errors divided by the area 
estimate of D/ND yielded a sample size of 1,000 sample units (because the 
area of D/ND was unknown at the sampling stage, we used the area of the 
D/ND stratum as a proxy when determining the sample size). The sample 
was allocated to strata according to “Good Practices” as defined in Olofsson et 
al. (2014) (Table 3) for targeting area estimation of D/ND. The selection of 
training data was completely independent from the design and selection of 
the reference sample. 
		
42 
2.4.4 Sample Interpretation 
D/ND and post-disturbance recovery are complex processes and 
collecting reference observations of D/ND and recovery is an inherently 
complicated and difficult task. Relying on high-resolution data is insufficient 
as it does not allow for a reconstruction of landscape dynamics; instead, after 
investigating a set of D/ND and recovery events, it was determined that time 
series of Landsat observations with the support of high-resolution data were 
required. While this combination of data makes for a powerful reference 
dataset, the amount of data required for each sample location is considerable. 
Therefore, to facilitate collection of reference observations, an application was 
developed in Google Earth Engine that allowed for visualization of time 
series of all Landsat data ever acquired for the locations of the sample units, 
without having to download the data (see github.com/bullocke/coded for 
access to the interpretation tool, reference sample, and algorithm code).  
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Figure 13. The interactive sample interpretation tool from the AREA2 toolbox (shown twice 
to demonstrate features). Interpreters use the tool to assign reference labels in an external 
spreadsheet or database. The tool is used on the Google Earth Engine web interface. A. The 
30m spatial resolution sample unit. B. The navigation panel, used to display the sample unit 
and corresponding Landsat time series information. C. The high resolution imagery used as 
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a basemap for Google Earth Engine. D. The historical time series for NDFI, GV, NPV, Shade, 
Soil, NDVI, EVI, and surface reflectance bands for current sample unit. E. When the 
interpreter selects a point on the time series the corresponding Landsat image is displayed 
in the map console.  
The interpretation tool contains a panel showing the Landsat time 
series for the surface reflectance bands, vegetation indices, spectral 
endmember fractions, and NDFI corresponding to a sample unit (Figure 13). 
For each sample, the interpreter used the historical time series of Landsat 
data to reconstruct the landscape history and, ultimately, assign a reference 
label. The interpreters were advised to survey the area surrounding the 
sample using the high-resolution data on GEE. They could then display 
Landsat imagery by selecting an observation from the time series. The 
samples could also be seen in Google Earth Pro, which contains a larger 
collection of historical high-resolution imagery than GEE. Disturbances were 
labeled only when the sample unit was visibly affected by the disturbance. 
The surrounding landscape could be used for context. However, a disturbance 
would be labeled only if the disturbance visibly included the sample unit.  
Four trained interpreters analyzed the sample. The interpreters did 
not have knowledge of the strata to which the sample units were allocated 
when assigning reference labels. All disturbances in the historical time series 
of each sample unit were labeled as either D/ND or deforestation. The 
interpreter’s confidence in the reference label was also recorded, and any 
label with low or medium confidence was examined by at least two 
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interpreters. All sample units labeled as disturbance were also analyzed by at 
least two interpreters. We ultimately needed to remove four sample units, for 
which it was impossible to assign a reference label, making a total of 996 
sample units.  
2.5 Results 
2.5.1 Accuracy Assessment and Area Estimation 
The results of the accuracy assessment and area estimation are in Table 4. 
We estimate that 53% ±1.13% (95% confidence interval) of the State of 
Rondônia remained undisturbed forest through 2013, with 6% ±0.89% of the 
forest having undergone D/ND, 16% ±1.47% being non-forest, and 25% 
±1.32% being deforested. In total, we estimated that 7,464,140 ±318,979 
hectares of forest was disturbed (combination of deforestation and D/ND). 
The outcome of the accuracy assessment indicates that the map under-
represented D/ND and deforestation by -30.1%, -9.5%, and over-represented 
non-forest by +18.5%. The margins of errors of the area estimates (defined as 
the ratio of the half width of the 95% confidence intervals to the estimate) 
were 13.9% and 5.3% for D/ND and deforestation. If we had not post-
stratified and used only one forest stratum (Forest1 + Forest2), and assuming 
we only sampled one deforestation stratum, the margin of error of the D/ND 
area estimate would increase from 14% to 17%, which is equivalent to a 10% 
increase in the standard error of the area estimate. The User’s and 
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Producer’s accuracy for D/ND was 88.0% and 68.1%, while for Deforestation 
(i.e. Deforestation1 + Deforestation2) it was 93.3% and 85.3%. The overall 
accuracy of the map was 90.8%. Without the buffer strata, the User’s and 
Producer’s accuracies for D/ND would decrease to 78.7% and 63.4% 
accordingly, and overall accuracy would decrease from 91.0% to 88.8%. 
Table 4. Confusion matrix shown as sample counts and proportions of area estimates, area 
estimates of each category derived from the stratified random sample, and accuracy 
measures. The first (top) confusion matrix of sample counts compares the reference data to 
the stratification, while the second one compares the reference data to the stratification if it 
were made without the buffer strata.  Note that the second matrix is for reference purposes 
only, and all estimation was performed using the first matrix.  
	 Reference	Data	
	 Forest	 Non-Forest	 Deforestation	 D/ND	
Map	Strata	 Sample	Counts	
Forest1	 418	 8	 1	 0	
Non-Forest	 12	 128	 29	 5	
Deforestation1	 0	 4	 169	 3	
D/ND	 6	 1	 2	 66	
Forest2	 64	 1	 3	 5	
Deforestation2	 0	 1	 60	 11	
Map	Class	 Sample	Counts	(No	Buffer)	
Forest	 482	 9	 4	 5	
Non-Forest	 12	 128	 29	 5	
Deforestation	 0	 5	 229	 14	
D/ND	 6	 1	 2	 66	
	 Area	Proportions	
Forest1	 0.453	 0.009	 0.001	 0.000	
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Non-Forest	 0.013	 0.141	 0.032	 0.005	
Deforestation1	 0.000	 0.004	 0.174	 0.003	
D/ND	 0.004	 <	0.001	 0.001	 0.044	
Forest2	 0.058	 <	0.001	 .003	 0.005	
Deforestation2	 0.000	 <	0.001	 0.040	 0.007	
Area	 .528	 .156	 .251	 .064	
Area	[ha]	 12489235	 3679448	 5941628	 1522512	
95%	CI	[ha]	 266342	 347341	 312746	 211266	
Margin	of	Error	[%]	 2.13	 9.44	 5.26	 13.88	
Map	Bias	[%]	 +0.27	 +18.5	 -9.49	 -30.1	
User’s	Acc.	[%]	 96.6	 73.6	 93.3	 88.0	
Producer’s	Acc.	[%]	 96.8	 90.3	 85.3	 68.1	
Overall	Accuracy	[%]	 91.02%	 	 	 	
2.5.2 Disturbance rates 
Yearly mapped areas of disturbances (both deforestation and D/ND) that 
were detected by CODED can be seen in Figure 14. The areas represent the 
sum of all the D/ND and deforestation events for each year. For this section, a 
pixel that undergoes multiple disturbance events it would therefore be 
included multiple times in the annual calculation of mapped area. 
Deforestation mostly increased throughout the 1990s and peaked between 
1996 and 2004 and then dropped sharply after 2004, during the period that 
the Brazilian government was beginning to implement PPCDAm (PPCDam, 
2004). D/ND rates rose during the 1990s but remained high until 2010 
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(Figure 14). Interestingly, the D/ND peaked immediately after the 
implementation of PPCDAm in the period from 2005 to 2010. Deforestation 
rates were the lowest from 2007 through 2013. D/ND rates were lowest at the 
beginning of the time series from 1990 through 1994.  
	
Figure 14. Yearly area of deforestation and D/ND. Note that deforestation generally trended 
downward after 2004 while D/ND remained high until 2010. Both D/ND and deforestation 
were highest in 2000. 
2.6 Discussion  
Despite an increase in the quality and quantity of satellite data, processing 
power and investments in forest monitoring systems over the last decade, 
D/ND remains a big unknown in many assessments of the impact of human 
activities in tropical forests. Effective systems for monitoring D/ND over large 
areas are required to properly assess and estimate such impacts. By utilizing 
freely available Landsat data on the Google Earth Engine, we have developed 
the CODED methodology for large-scale monitoring of D/ND and 
deforestation. The approach was shown to be accurate, with a 91% overall 
accuracy of a map of D/ND and deforestation in Rondônia, Brazil. The map 
products efficiently stratified the study area to allow for unbiased estimation 
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of the areas of deforestation and D/ND; margins of error of 5% and 14% 
respectively at the 95% confidence level were achieved.  
There are three components of our approach that are essential for the 
detection of disturbances and, in particular, D/ND: characterizing the pre-
disturbance or “stable” signal in the data, distinguishing between 
disturbances and regular variability, and determining the post-disturbance 
land cover. For all of these components it is advantageous, if not essential, to 
utilize repeated and historical data in the analysis. The ability to 
characterize the “natural” state of the forest is problematic when using an 
approach that relies on a single high-to-medium resolution image. A thinned 
forest may, for a limited amount of time, appear structurally similar to a 
forest with a naturally open canopy. However, if the pattern is consistent 
over multiple years then it is likely that it represents the stable state of the 
undisturbed forest. Our approach characterizes the forest during the training 
period by fitting regression models to the time series of the data. The 
intercept, seasonal harmonics, and RMSE of the models represent the 
average magnitude, intra-annual, and random variability in the data. An 
area that has been thinned may look similar to an open canopy in a single 
image, but the pattern over the 6-year training period will be different. 
Therefore, our approach is able to differentiate between canopy gaps due to 
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disturbance and forests with naturally open canopies and thus can be used 
for monitoring in forests with varying crown cover (see Figure 4, 7). 
The spectral response of a D/ND event in optical remote sensing data 
can be minimal and therefore, to accurately identify a disturbance, the 
change must be effectively differentiated from ephemeral “noise” in the data. 
If a single observation exceeds the average variability of the regression model 
(or the model’s RMSE), it can be assumed to be “noise” and discarded from 
analysis. However, if there are consistent observations that are beyond the 
natural variability then it is likely that there has been a change in the forest. 
Therefore, the use of many observations affords the opportunity to separate 
disturbances from the inherent variability in the observations, or the “noise.”  
Since the time series of NDFI in Rondônia tend to contain minimal natural 
variability (Figure 5), a disturbance in the forest does not need to be large for 
a D/ND event to be identified. The ability to characterize the background 
variability in undisturbed forests using many Landsat observations allows for 
the detection of D/ND events that cause minimal spectral changes in the 
data. Additionally, the impact from the disturbance event does not need to 
prevalent for a long time period when using continuous data. An example of a 
disturbance can be seen in in Figure 14 in which a logging event in a forest 
results in a change in NDFI that is only prevalent for a few months. A 
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technique based on a single image outside the period in which the damage is 
noticeable would miss the disturbance entirely.  
 
Figure 15. Landsat 5-4-3 images before (A.), during (B.), and after a logging event (C.), and 
the NDFI time series of a location shown in red (D.). Notice that the disturbance is only 
prevalent in the NDFI time series for a few months. 
The definitions of deforestation and D/ND are directly related to the 
land cover after the disturbance and, as a result, they cannot be effectively 
differentiated without a characterization of the post-disturbance landscape. 
By fitting new regression models to the data after the disturbance our 
approach can determine whether the event resulted in a change in land cover 
and, as consequence, whether the disturbance was deforestation or D/ND. 
Since this process is run continuously through time, maps of forest 
disturbances can then be derived for any temporal subset within a study 
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period. However, for very recent disturbance events it is difficult to 
differentiate deforestation and D/ND, as observations after the disturbance 
are necessary. These factors demonstrate that time series analysis is highly 
valuable for the accurate monitoring of D/ND.  
The use of the Forest2 post-stratum and Deforestation2 pre-stratum 
improved the precision of the area estimate of D/ND by decreasing the area 
weight of units of omitted D/ND in the sample data. The impact of omissions 
of forest disturbance in areas mapped as stable forest have been documented 
in other studies, and methods to minimize the effect of such errors have been 
suggested (Olofsson et al., 2018). In essence, the often critical impact of 
omissions errors is the result of the weights of the strata in which the 
omission errors occur. The objective of the Forest2 and Deforestation2 strata 
was to reduce the area of the strata (i.e. the strata weights) that contained 
the omissions, such that the larger Forest1 and Deforestation1 strata would 
be free of omissions. All five errors of omission of D/ND in the sample data -- 
i.e. the sample units located in Forest1 but labeled D/ND in the reference 
data -- ended up in the Forest2 post-stratum. The result was a reduction of 
the area weight of the omission errors. Additionally, 11 of the 14 sample units 
of D/ND in the Deforestation1 stratum ended up in the Deforestation2 
stratum. Again, this reduced the weight of these 11 omission errors of D/ND 
because of the smaller size of Deforestation2 compared to Deforestation1. The 
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approaches used in this study to minimize the impact of omission errors were 
based on buffering of the change strata in addition to model-informed 
information on the areas of high-likelihood change, such as disturbance 
magnitude and recovery. Based on our results, we recommend the use of 
model-informed information to generate strata with a high likelihood of 
containing errors of omission for the target stratum. No testing was 
performed on the optimal size of these strata and we suggest this as an area 
for future research.  
The Producer’s Accuracy of D/ND was relatively low (68.1%) compared 
to the other classes due to errors of omission, or D/ND falsely labeled as non-
disturbed or deforested.  Most of the omissions of D/ND were misclassified as 
deforestation: 14 out 24 sample units identified as D/ND in the reference data 
but not in the map occurred in one of the two deforestation strata (Table 3). 
The result suggests that for most of the omissions of D/ND, the algorithm 
correctly detected the disturbance but did not identify the correct post-
disturbance land cover by labeling the disturbance deforestation instead of 
D/ND. Additionally, five of the omissions of D/ND occurred in the Non-forest 
stratum and, because the change detection procedure is not applied to time 
series models classified as Non-forest , these five omission errors were also 
influenced by forest/non-forest misclassification (Figure 3). The omission 
errors of D/ND and deforestation in the Non-forest stratum would be reduced 
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or eliminated by simply improving the forest and non-forest classification. 
Improved differencing between the post-disturbance land covers will reduce 
the amount of D/ND mis-classified as deforestation, and by incorporating the 
post-disturbance recovery into the classification procedure. The post-
disturbance recovery was used as the criteria for creating the Deforestation2 
stratum, which contained 11 of the 14 samples mapped as deforestation but 
were D/ND in the reference data.  
In contrast to errors due to mis-classification, five of the sample units 
(or 0.5% of the sample) that were identified as omissions of D/ND occurred in 
the Forest2 stratum and were therefore caused by errors in the change 
detection. In most of these cases, we found that the omitted disturbance 
caused a change in NDFI that was either too low of magnitude or too short in 
duration to pass our change threshold and/or consecutive observation 
requirements. The change thresholds were developed after extensive testing 
and chosen to minimize errors of commission. While reducing the change 
thresholds would reduce the likelihood of omission errors, it would increase 
the likelihood of commission errors of disturbance. Regardless, judging from 
the accuracy of mapped D/ND and the standard error of estimated D/ND, we 
believe an omission rate of 1 in 100 (or 5 of 500 sample units) for D/ND 
mapped as Forest to be acceptable given the historical difficulties in detecting 
D/ND (Herold et al., 2011).  
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It is possible that the consecutive observation threshold will cause a 
higher omission rate in areas with low data availability. In cloudy regions of 
the tropics there may not be five clear observations for an entire year and, 
therefore, changes will be omitted that are only visible for a short amount of 
time (Figure 15). This limitation may be addressed by incorporating data 
from other sensors such as Sentinel-2. Alternatively, a consecutive 
observation threshold that is dependent on data availability may be able to 
reduce errors of omission due to data gaps. We recommend this as an area for 
future research. 
In the study area from 1990 to 2013, we estimated that the extent of 
D/ND was 24% of the area deforested. It is possible, and in many cases likely, 
for locations to undergo multiple D/ND events or be degraded before 
deforested (Figure 9). Of all the locations that underwent a disturbance, 33% 
were found to have been disturbed more than once. Therefore, the total 
amount of D/ND is likely to be higher than our area estimate suggests. The 
D/ND area also includes different types of disturbance and each type will 
have different ecological impacts and resulting emissions. For example, the 
carbon emissions associated with fires will be different from that of selective 
logging or deforestation. The intensity of the fire or logging activity will also 
influence the associated emissions. We believe that the change magnitude 
calculated from our model is an indicator of the degree of canopy damage 
		
56 
from a disturbance event (Figure 16). Comparing the change magnitude to 
direct damage on the ground is an area for future research.  
 
Figure 16. A. Landsat image from Path/Row 230/68 in Southeastern Rondônia showing areas 
that have been deforested and also burn scars. B. The change magnitude associated with 
disturbance events detected by the model. C. Land cover and disturbance classification. 
Note that the fires result in a lower change magnitude than the land cover conversions and 
also are classified as D/ND.  
Over the 24-year time period of our study there were clear temporal 
patterns in deforestation and D/ND. The yearly rates of both types of 
disturbance rose rapidly in the late 1990s and early 2000s. After 2004, 
however, deforestation dropped rapidly and D/ND rose to its highest level in 
the study period (Figure 17). We offer two possible explanations for this 
increase in D/ND. First, PPCDAm included policies that dis-incentivize 
deforestation and incentivize conservation (PPCDAm, 2004). Therefore, it is 
possible that some of the logging that had previously occurred during the 
transition to alternative land covers is now being followed by forest regrowth 
and would therefore be considered D/ND. Secondly, forest fires in the Amazon 
have been shown to be increasing in intensity, with 2010 having an especially 
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large number of fires (Aragão et al., 2018; Gatti et al., 2014). This hypothesis 
is supported by the fact that our results show 2010 to be a year with a large 
amount of D/ND (Figure 14). This result is important because it suggests that 
the increase in environmental services and the carbon emissions reductions 
associated with decreased deforestation may be partially offset by D/ND. 
However, given the limited geographic extent of our research and lack of 
disturbance type attribution, no conclusions can be made on the drivers of 
these trends. National studies are needed to fully understand the interaction 
of deforestation and D/ND in Brazil.  
 
Figure 17. 5-year mean disturbance areas for Rondônia. Note that D/ND mostly increased 
over the entire study period, while deforestation peaked in the early 2000s and then sharply 
decreased.    
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Finally, we did not attempt to quantify afforestation or secondary forests. We 
restricted the disturbance detection to models that were classified as forests 
during a training period to focus on the objective of detecting D/ND. The 
change detection could easily be broadened to track changes in many types of 
land covers, as has been the primary focus of the CCDC algorithm, which 
combined with NFDI (Souza et al., 2005), was the motivating algorithm 
behind our approach. Arevalo et al. (2018) utilized the CCDC algorithm to 
track conversion between a variety of land categories in Colombia. 
Estimation of the areas of multiple types of land conversions, including gain 
of secondary forest, was performed on a biyearly basis. While Arevalo et al. 
(2018) demonstrated how IPCC-compliant estimation of land conversion can 
be achieved using time series analysis of Landsat data, they did not map or 
estimate D/ND. A primary focus in the future will be incorporating our 
research into an IPCC-complaint approach that tracks land conversion, 
D/ND, and afforestation or forest regrowth.  
The CODED methodology has shown that historical Landsat data can 
effectively be used to monitor and estimate D/ND. The research demonstrates 
that the Landsat archive is an invaluable resource for land change 
monitoring. Historical data can be used to develop a “baseline” of the natural 
condition of a landscape. Subtle changes can be distinguished from 
ephemeral variations in the data by comparing repeated observations to this 
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“baseline.”  The characterization of post-disturbance dynamics can then be 
used to differentiate D/ND from deforestation. We hypothesize that such 
approaches will become essential for achieving a comprehensive analysis of 
ecosystem dynamics including D/ND and other subtle changes in a landscape.  
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Chapter 3   
Forest Disturbance in the Amazon Ecoregion 1995-2017 
3.1 Introduction 
Anthropogenic and climate-driven forest disturbance have impacted the 
Amazon in the 20th and 21st centuries, causing changes to the global 
terrestrial carbon flux, changing weather patterns, and loss of biodiversity 
(Armenteras et al., 2017; Baccini et al., 2012; Shukla et al., 1990; Werth, 
2002). In 2004, Brazil implemented the Action Plan for the Prevention and 
Control of Deforestation in the Legal Amazon (PPCDAm), which was a series 
of multi-sectoral policies aimed at reducing deforestation and promoting 
conservation (Environment, 2004). Anthropogenic deforestation in the 
Brazilian Amazon decreased 52% in the subsequent years, from 18,300 
km2/year (±5,400) between 1990 and 2004 to 8,800 km2/year (±4,300) from 
2005 to 2017 (“Instituto Nacional de Pesquisas Espaciais,” 2000). These 
reductions have mostly been attributed to a decrease in large-scale 
commodity-driven deforestation, which excludes forest degradation and 
natural disturbance (D/ND)(Kalamandeen et al., 2018; Tyukavina et al., 
2017).  
However, evidence suggests that increases in D/ND, from causes such 
as fire, selective logging, and fuelwood collection may be offsetting many of 
the benefits from the reduction in deforestation (Aragão et al., 2018; Baccini 
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et al., 2017; Barlow et al., 2016; Huang and Asner, 2010). While estimates of 
the area of deforestation in the Brazilian Amazon have been well constrained, 
regional estimation of D/ND has yet to be accomplished (Hansen et al., 2013; 
Tyukavina et al., 2017a). Furthermore, as most studies have focused on 
Brazil, neither deforestation nor D/ND in the non-Brazilian Amazon have 
been verifiably estimated (RAISG, 2015). As a result, the total area impacted 
by disturbance in the Amazon is highly uncertain: sub-regional estimates 
suggest that D/NR impacts on average 14-123% of the area of deforestation, 
and as much as 500% the area due to fires in severe drought years (Aragão et 
al., 2018; Asner et al., 2013, 2005; Souza et al., 2013; Tyukavina et al., 2017). 
Carbon emissions from D/ND in some regions have even been shown to be 
greater than those from deforestation, although they are often not included in 
large-area climate models or national greenhouse gas inventories (Aragão et 
al., 2018; Asner et al., 2010; Baccini et al., 2017; Harris et al., 2012; Pearson 
et al., 2017). The large uncertainties reflect differences in estimation 
procedures, definitions of land cover and change, and input data in addition 
to the well-documented difficulties in monitoring D/ND (Herold et al., 2011b; 
Lambin, 1999a; Mitchell et al., 2017). Reducing this uncertainty is essential 
for prioritizing conservation initiatives and for understanding the role of the 
Amazon rainforest in the global carbon cycle.   
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In this study, we quantify the area of deforestation and D/ND at 
biennial intervals for the Amazon Ecoregion from 1995 to 2017. We developed 
a spatially explicit dataset of deforestation and D/ND using the methodology 
developed in Chapter Two. Using the dataset to stratify the study area, we 
selected a sample under stratified random sampling for which reference 
conditions of land cover and disturbance history were observed and recorded. 
We defined deforestation as a conversion from a forest to a non-forest land 
cover, such as agriculture or pasture. D/ND was defined as a natural or 
anthropogenic disturbance in a forest that does not result in a change in land 
cover category and includes fire and windthrow, selective logging, and 
damage to standing forests during expansion of roads or developments. We 
applied two unbiased statistical estimators to the sample of reference 
observations to estimate calculate area with 95% confidence intervals (GFOI, 
2013; Olofsson et al., 2014). 
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3.2 Materials and Methods 
 
Figure 18. A schematic diagram showing our workflow. The analysis was composed of three 
primary components: creating the disturbance dataset using CODED, stratification of the 
disturbance dataset on GEE, and sampling and estimation using AREA2. 
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3.2.1 Disturbance Dataset 
We used the Continuous Degradation Detection (CODED) methodology from 
Chapter 2 to develop the forest disturbance dataset for the study period of 
1995 to 2017 (Bullock et al., 2018). CODED uses Landsat 30m Collection 1 
surface reflectance data as the basis for analysis. The entire Landsat archive 
in the Amazon Ecoregion was utilized, totaling over 240,000 images or the 
ground area of 16,800,000,000 30m Landsat pixels. CODED operates on the 
Google Earth Engine (GEE) to facilitate processing of large areas. 
Furthermore, processing was divided between 24 grid cells, each representing 
around 16 Landsat WRS-2 Path Rows (Figure 19). CODED was run for the 
entire grid cells and afterword subset to the Amazon Ecoregion as defined by 
(Olson et al., 2006).  
The first processing step in CODED is the transformation of surface 
reflectance data to endmember fraction images using a simple linear mixture 
model.  The model transforms every pixel into fractions of green vegetation 
(GV), non-photosynthetic vegetation (NPV), shade, soil, and cloud based on 
endmembers designed for the Amazon in (Souza et al., 2013). The mixture 
model was constrained to sum to 1 and to be non-zero. All pixels with a cloud 
fraction over 0.05 were masked, as were all clouds and cloud shadows 
determined by the CFmask (‘pixel_qa’) band in the Collection 1 data. The 
endmembers fractions are then used to calculate the Normalized Degradation 
		
65 
Fraction Index (Souza et al., 2013; Souza et al., 2005). The endmember 
fraction data and NDFI are used to create monthly mediod composites for 
each grid cell, which are used as the basis for the change detection and 
classification.  
The change detection in CODED is performed using a regression-based 
structural break test on the time series of NDFI data. The coefficients from 
the regression models, in addition to models fit to the endmember fraction 
data, are used as inputs to a Random Forest classifier. Each model period is 
then classified as a land cover label according to training data collected 
throughout the study area. The land cover classes were forest, water, 
development, agriculture, pasture, bare, and natural vegetation. Forest was 
defined as land containing over 30% coverage of trees over 5m in height. 
Natural cerrado meeting the definition of forest was classified accordingly, 
and if it did not then it was included in the natural vegetation class. 
Plantations were also included in forest for the creation of the dataset. All 
non-forest land covers were collapsed into a single label after classification.  
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Figure 19. The Amazon Ecoregion, the processing grid used to split up the remote sensing 
analysis into manageable areas, and the corresponding Landsat data used in analysis 
colorized by the number of cloud-free observations. Over 240,000 Landsat images were used 
to make monthly mediod composites within grid cells, which were then used as inputs for 
CODED. 
 
3.2.2 Stratification and Sampling 
Automated classifications, especially over areas as large as the Amazon, will 
inevitably contain errors and biases. Errors can arise due to many factors, 
including non-representative training data, noise or mis-registration in the 
satellite data, fuzzy class boundaries, omitted change, and missing data in 
the time series. Biases arise due to the classification and change detection 
techniques and human bias in the non-automated processes for creating the 
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dataset such as collecting training data. These errors and biases will be 
reflected in areas derived by “pixel-counting”, which is therefore generally not 
recommended for reporting areas from remote sensing analysis (Olofsson et 
al., 2014).  
Instead, areas can be estimated from samples derived from the map, 
which are compared to reference data that is assumed to be of higher quality 
than the dataset (GFOI, 2013).  An unbiased statistical estimator can then be 
applied to the reference samples in order to estimate means and variances, 
representing class area and uncertainty. We had two objectives in our sample 
design: to estimate total area over the entire study period (1995-2017) and to 
estimate area at biennial intervals (1996-2017). Both objectives were 
achieved using a stratified random sample, with the strata being created 
from the disturbance dataset (Table 5).   
While the dataset contains up to six disturbances for each pixel location, a 
single stratification was required for deriving a sample. Therefore, the 
temporal trajectories of each pixel needed to be simplified into a single label. 
We used seven strata: 
• Stable Forest: A pixel with over 30% tree cover that underwent no 
disturbances.  
• Stable Non-Forest: A pixel with under 30% tree cover throughout the 
entire study period.  
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• Deforestation: A pixel that at any point in the study period was 
converted from forest to non-forest at least once and did not undergo 
D/ND. Examples of this stratum include conversion for pasture, 
agriculture, and development.  
• Degradation and Natural Disturbance (D/ND): A pixel that at any 
point in the study period contained a forest disturbance that did not 
result in a change in land cover. Examples include selective logging, 
fuelwood collection, fire, and wind damage. This stratum included 
locations that underwent multiple D/ND events but no deforestation.  
• Both D/ND and Deforestation: A pixel that contained both D/ND and 
deforestation during the study period. For example, a pixel would 
belong to this stratum if D/ND occurred early in the time series and in 
a separate and later event deforestation affected the regenerating 
forest. This stratum also contains forests that are deforested and used 
as an alternative land cover, but is later abandoned and transitions 
into a secondary forest that is affected by D/ND.  
• Secondary Forest or Afforestation: A pixel that was not forest in 1995 
but grew to be a forest by 2017 and contained no disturbances.  
• Buffer: Pixels contained in the Forest or Non-Forest strata that were 
identified as being a high likelihood of containing errors of omission for 
Deforestation or D/ND. See next section for more detail.  
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Table 5. Area weights for the stratification of the change dataset and sample allocation for 
the stratified random sample. A total of 7 out of 3200 sample units were deemed impossible 
to interpret due to insufficient reference data and are noted in parenthesis.  	 Forest	 Non-Forest	 D/ND	 Def.	 D/ND	&	Def.	 Regrowth	 Buffer	
Wi		 0.756	 0.073	 0.029	 0.055	 0.017	 0.005	 0.065	
N	(Total)	 2,000	(1)	 200	 300	(2)	 300	(2)	 100	 100	(1)	 200	(1)	
 
3.2.3 Buffer Stratum 
Previous research has demonstrated that area estimates of small land cover 
classes can be highly sensitive to errors of omission in larger classes, causing 
an inflation of the variance estimate (Arévalo et al., 2019; Bullock et al., 
2018; Olofsson et al., 2018; Turabanova et al., 2018; Tyukavina et al., 2016).  
This is due to the large area weight of the stable class in comparison to the 
smaller class, which is used in the calculation of the mean and variance. One 
technique used to minimize this affect is to create a stratum with a small 
area weight but high likelihood of containing errors of omission. The term 
“buffer stratum” comes from the way it has traditionally been calculated, 
which is based on a spatial buffer around the targeted change classes.  While 
these attempts have largely been successful, my first chapter demonstrated 
how model-based information in the process of creating the buffer stratum 
can improve the ability to capture errors of omission. My buffer stratum 
contained pixels mapped as stable forest or non-forest but within a 2-pixel 
spatial buffer of a disturbance or if it was flagged as a high probability of 
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being change according to a secondary, or backup, change detection 
algorithm.  
 
3.2.4 Secondary Algorithm (CUSUM) 
The backup algorithm was developed by me, Chris Holden, and Paulo 
Arevalo, and is based on the two-sided ordinary-least-squared version of the 
cumulative sum of residual (CUSUM) test for consistency in a linear 
regression model introduced by Brown et al. (1975), and extended for use 
with ordinary least squared (OLS) residuals in Ploberger and Kramer (1992). 
CUSUM is performed across the entire time period for places that were 
classified as stable by CODED. CUSUM can be used for detecting 
instabilities in a model parameter, such as the mean of a time series (Figure 
20). Since the mean of the residuals in an OLS model is required to be zero, 
then a stable model’s residuals should fluctuate evenly and minimally around 
zero.  If a structural break were present then the residuals would deviate 
consistently in one direction. Ploberger and Kramer (1992) demonstrated how 
the standardized OLS residuals are distributed as a Brownian Bridge, and 
the maximum of the absolute value of the standardized residuals can be used 
to test for model instability. The test statistic is used to determine the 
probability of observing the data assuming no structural instability. For this 
chapter, we used a threshold of 1% for determining a break in the time series 
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(or a 99% probability of structural instability). CUSUM was used only on the 
NDFI time series and the locations in which a change was determined were 
added to the buffer stratum. Our implementation of CUSUM was published 
as part of an ensemble algorithm in (Bullock et al., 2019).
 
Figure 20. A surface reflectance time series with a structural break in 2001 (top; break 
shown in red dashed vertical line), and the CUSUM test statistic, which is based on the 
cumulative sum of scaled residuals (bottom; CUSUM change threshold shown in blue 
horizontal dashed line). The cumulative residuals exceed the CUSUM change threshold, and 
therefore a structural break is detected.  
3.2.5 Sample Interpretation 
Sample interpretation was performed by 10 trained technicians using the 
Area Estimation and Accuracy Assessment toolbox (AREA2) on GEE (see 
http://github.com/bullocke/area2). Two technicians interpreted each sample 
unit. They did not know the stratum associated with each sample at the time 
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of interpretation. If the two interpretations differed, or one of the technicians 
reported low confidence in the interpretation, then the sample was analyzed 
by a group of experts who decided on a final interpretation. Additionally, all 
samples labeled as change were analyzed by at least one additional 
interpreter. The technicians recorded the disturbance and land cover history 
of each sample unit using all available Landsat and high-resolution data 
available on GEE and Google Earth Pro. For every disturbance, the year, 
type (D/ND or deforestation), and attribution (e.g. fire, pasture) were 
recorded. Seasonal flooding, drought deciduousness, and the reseeding of 
plantations were not included in the analysis. Finally, the land cover was 
recorded for 1995 and 2017. The interpreted sample units can be downloaded 
from: https://github.com/bullocke/amazon.  	
3.2.6 Area Estimation 
We used two statistical estimators, one for calculating areas over the entire 
study period and one for the biennial periods and for regional estimates. For 
the former, a typical stratified estimator could be used because the targeted 
classes were the same as the stratification (Cochran, 1977; Olofsson et al., 
2013a). For the biennial periods, however, the targeted classes were not 
directly reflective of the stratification as the mapped areas in the individual 
periods or regions were different than the stratification. Therefore, a 
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stratified estimator would not be valid for the estimate of variance. Instead, 
estimator parameters were expressed as indicator functions using the 
equations explained in (Stehman, 2014).  For calculating area of class k the 
indicator observations (Stehman, 2014; eq. 12) for each sample unit are 
expressed as 
 
𝑦! =  1 if pixel u is reference class 𝑘0 if pixel is not class 𝑘  
 
Furthermore, in the case of calculating areas in biennial period t and sub-
region r the indicator observation would be expressed as 
 
𝑦! =  1 if pixel u is reference class 𝑘 in time period 𝑡 and sub region 𝑟0 if pixel is not class 𝑘 in time period 𝑡 and sub region 𝑟  
 
Notably, the observation must fall within the study region and period of 
interest. For the Amazon Ecoregion and Brazilian Amazon there were enough 
samples with change in each time period and the geographic region to obtain 
biennial estimates. However, for the non-Brazilian Amazon, estimation could 
only be made for the entire study period (1995-2017) due to a lack of 
reference observations within the subdomains.  
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3.3 Results   
 
Figure 21. The 30m disturbance dataset showing locations of degradation and natural 
disturbance (D/ND), deforestation, both D/ND and deforestation, and stable forest and non-
forest from 1995 to 2017. A. Amazonian Ecoregion as defined in (Olson et al., 2006). B. Logging, 
deforestation, and fire in Mato Grosso, Brazil (Longitude, Latitude -54.67, -11.91). C. Fires 
near the Amazon River and deforestation in Pará, Brazil (-54.67, -11.91). D. Selective logging 
and deforestation in Pará, Brazil (-48.53, -3.32). E. Fires and deforestation in Roraima, Brazil 
(-59.88, 0.96). F. Deforestation with D/ND due to roads, fire, and edge damage in Meta, 
Colombia (-115.64, 11.43). G. Fire damage, deforestation, and waterlogging along in Beni, 
Bolivia (-66.86, -11.99). H. Small-scale logging in Loreto, Peru (-76.59, -5.49). I. Deforestation 
and degradation due to mining in Sipaliwini, Suriname (-54.51, 5.02). 
Between 1995 and 2017 there were over 100,000 km2 more forest in the 
Amazon Ecoregion that was first affected by D/ND and then later 
deforestation (Figure 21Figure 22). In 1995, the Amazon contained 5,676,000 
km2 (±29,000) of natural forest (the ± values following estimates are 95% 
confidence interval throughout the chapter). Between 1995 and 2017 an 
estimated 13% (762,300 km2 ±21,500) of the Amazon’s area of natural and, 
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since the beginning of our study period, undisturbed forest was impacted by 
deforestation or D/ND. Of the total impacted area, 43% (327,900 km2 
±15,500) was due to deforestation and 57% (434,500 km2 ±22,100) was due to 
D/ND. Our response design protocol allowed for the identification of multiple 
events at each sample site in the cases of D/ND or regrowth after 
deforestation, with the additional events corresponding to changes in 
secondary or regenerating forest. Of the area in which the first disturbance 
was D/ND, 30% (130,200 km2 ±13,100) experienced at least one later D/NB 
event and 14% (60,200 km2 ±8,500) was later deforested. In the areas that 
were first deforested, 12% (39,400 km2 ±7,300) returned to secondary forest 
by 2017, and 1% (4,300 km2 ±2,200) were later impacted by D/NB. 
Furthermore, we estimated that 5% of the non-forest area in 1995 (54,400 
km2 ±19,600) was secondary forest in 2017.  
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Table 6. Error matrix from the stratified random sample for the entire study period (1995-
2017) expressed as area proportions and sample counts in addition to accuracy and area 
estimates from the stratified estimator. Columns represent reference labels and area 
estimates and rows represent map strata. 
Confusion	Matrix,	Area	Proportions	
	 Forest	 Non	Forest	 D/ND	 Def.	 D/ND	&	Def.	 Regrowth	
Forest	 0.711	 0.031	 0.011	 0	 0	 0.003	
Non	Forest	 0.002	 0.07	 0.0	 0.001	 0.0	 0.0	
D/ND	 0.003	 0.001	 0.021	 0.003	 0.001	 0.0	
Deforestation	 0.002	 0.010	 0.007	 0.031	 0.004	 0.001	
D/ND	&	Def.	 0.0	 0.003	 0.003	 0.007	 0.004	 0.0	
Regrowth	 0.002	 0.002	 0	 0	 0	 0.001	
Buffer	 0.011	 0.033	 0.013	 0.005	 0.001	 0.002	
Confusion	Matrix,	Sample	Counts	
Forest	 1,885	 81	 25	 0	 0	 8	
Non	Forest	 5	 192	 0	 2	 0	 1	
Disturbance	 30	 13	 217	 29	 9	 0	
Deforestation	 10	 52	 38	 170	 23	 5	
D/ND	&	Def.	 2	 17	 18	 40	 23	 0	
Regrowth	 31	 35	 3	 1	 0	 29	
Buffer	 35	 101	 38	 14	 4	 7	
Accuracy	and	Area	Estimates	
Area	[0-1]	 0.733	 0.149	 0.053	 0.046	 0.010	 0.008	
Area	95%	CI	[0-1]	 0.009	 0.009	 0.006	 0.004	 0.003	 0.003	
Area	km2	 4908372	 999978	 354225	 311200	 69069	 54359	
Area	km2	95%	CI	 58463	 58065	 39293	 29718	 17333	 19585	
Users	Acc.	[0-1]	 0.94	 0.96	 0.73	 0.57	 0.23	 0.29	
Prod.	Acc.	[0-1]	 0.99	 0.69	 0.44	 0.82	 0.38	 0.18	
Overall	Acc.	[0-1]	 0.84	 	 	 	 	 	
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Figure 22. Forest change in the Amazon Ecoregion between 1995 and 2017. Stable classes 
(e.g., natural forest) are omitted for visualization purposes. The width of the links 
represents the area of that estimated change process. The area of deforestation and 
degradation and natural disturbance (D/ND) was estimated on a biennial time period and 
including secondary forests, allowing for multiple change processes within the study 
period. Note that approximately 26% of D/ND and deforestation occurred in secondary or 
regenerating forest.  
3.3.1 Patterns through time 
The biennial area estimates allow for evaluation of trends over time in 
undisturbed, regenerating, and secondary forests. Consistent with previous 
estimates, deforestation in the Amazon Ecoregion decreased significantly 
after the implementation of PPCDAm in Brazil in 2004 (Eugenio Y. Arima et 
al., 2014; Hansen et al., 2013; Nepstad et al., 2014; Souza et al., 2013). Before 
2004, there was an average of 43,500 km2/ biennium of deforestation, which 
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decreased to 25,000 km2/ biennium afterwards. However, D/ND remained 
relatively consistent throughout the study period, and has been the primary 
kind of forest disturbance since 2004. Of consequence, the proportion of total 
disturbance attributed to D/ND has been steadily increasing. The only period 
with more deforestation than D/ND was 2002-2003, in which D/ND consisted 
of 59% of the area of deforestation. For the other periods, D/ND accounted for 
102%-354% of the area of deforestation. Overall, D/ND affected 31,400 to 
78,200 km2/ biennium. 
 
Figure 23. A. Estimated area for each 2-year period between 1996 and 2017. B. The difference 
between the estimated area of D/ND and deforestation. C. The estimated area of 
deforestation and D/ND in the Brazilian Amazon, with the mapped area in each biennium 
from PRODES and the year of PPCDAm labeled in dotted lines. To be consistent with 
PRODES, the estimates displayed in C. are only disturbances in intact, natural forest, and 
not secondary forest. D. The proportion of the total estimated area of D/ND and 
Deforestation that was in Brazil.  
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3.3.2 The Brazilian Amazon 
Brazil contains 61% of the natural forest in the Amazon but 85% of the 
deforestation and 69% of the D/ND.  Our biennial estimates of deforestation 
in Brazil are consistent with those produced by the PRODES monitoring 
system from the Brazilian National Institute for Space Research 
(INPE)(“Instituto Nacional de Pesquisas Espaciais,” 2000). Despite 
differences in minimum mapping unit (6.25 ha for PRODES, 0.09 ha in this 
study), the area of deforestation reported by PRODES is not statistically 
different (α=0.05) from our estimated area of deforestation in intact forest for 
every biennium except for 2014-2015. The discrepancy in 2014-2015 may be 
due in part to an increase since 2012 in deforestation patches that are under 
one hectare, and thus below the mapping unit of PRODES (Kalamandeen et 
al., 2018). However the similarities in all other periods imply that even if 
small-scale deforestation is increasing, overall deforestation in the Brazilian 
Amazon is still driven by large-scale (>6.25 ha) conversion. While Brazil has 
experienced the most deforestation during every time period, the proportion 
of deforestation in Brazil compared to the other Amazonian countries steadily 
decreased from 1995 to 2012 (Figure 3B.). This trend indicates that 
deforestation has been shifting to surrounding countries, but the process 
started at least a decade before the implementation of PPCDAm. Notably, 
there are signs that this pattern is reversing again, as the proportion of 
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deforestation in Brazil has been slowly rising since 2012, coinciding to a 
period of reduced enforcement of environmental regulations under an 
updated national forest code (Tollefson, 2011).  
 
Figure 24. Estimated area of deforestation and D/ND across subsets in space and time. A. 
Estimated area before and after Brazil implemented PPCDAm in 2004 for the Brazilian and 
non-Brazilian Amazon. B. Ecoregion-wide estimates for drought and non-drought years. The 
years defined as drought were 1998, 2005, 2010, 2015, and 2016.  
3.3.3 The Non-Brazilian Amazon 
In 1995, there were 2,187,000 km2 (±58,000) of natural forest in the non-
Brazilian Amazon. From 1995 to 2017, there were 52,400 km2 (±15,700) of 
deforestation and 123,200 km2 (±26,500) of D/ND, representing 8% of the 
forested area. While D/ND was more prevalent both before and after the 
implementation of PPCDAm, there was a small, but not statistically 
significant, increase in deforestation in the non-Brazilian Amazon after 2004. 
Although PPCDAm was a Brazilian action plan, the suggestion that it had 
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adverse affects of encouraging deforestation in surrounding countries 
(Kalamandeen et al., 2018) is not supported by our results. Instead, our 
results suggest that the rise in deforestation in the non-Brazilian Amazon 
pre-dates PPCDAm and has been increasing gradually over our study period.   
3.3.4 Droughts and Disturbance 
Drought-related fires in the Amazon can result in immense tree mortality 
and carbon emissions (Barlow et al., 2003; Lewis et al., 2011; Silva et al., 
2018). While historically driven by El Nino-Southern Oscillation (ENSO) 
events, human-caused atmospheric warming is leading to an increase in 
frequency and magnitude of Amazonian droughts (Duffy et al., 2015; 
Erfanian et al., 2017). Furthermore, by increasing dead dry biomass, 
reducing evapotranspiration, and increasing vulnerable forest edges through 
fragmentation, human-caused deforestation and degradation have been 
shown to create a positive feedback that influences further tree mortality and 
high-risk fire conditions (Brando et al., 2014). While we did not explicitly 
differentiate fire from other forms of natural disturbance, the five time 
periods with the largest area of estimated D/ND (72,000 km2/biennium 
±9,500) corresponded to the extreme droughts in 1998, 2005, 2010, and 2015-
2016 (Figure 24). Notably, the area of D/ND was over three times greater 
than the area of deforestation in 2010-2011 and 2016-2017. With most 
climatic models predicting the drought risk in the Amazon to intensify, it is 
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likely that D/ND due to fires will increase in occurrence accordingly (Duffy et 
al., 2015; Malhi et al., 2008).  
3.3.5 Comparison to Other Estimates 
Our estimated area of deforestation is similar to previous reports, although 
comparisons are limited to the Brazilian Amazon. From 2001 to 2010, Souza 
et al. (Souza et al., 2013) estimated 169,100 km2 was deforested, Tyukavina 
et al. (Tyukavina et al., 2017) estimated 169,100 km2 of primary forest was 
cleared for human use, and PRODES found 165,300 km2 of deforestation in 
patches larger over 6.25 ha. For the same time period, we estimated that 
166,800 km2 (±25,300) of deforestation occurred in the Brazilian Amazon. 
Accordingly, our estimated area of deforestation is not significantly different 
than areas reported by Souza et al. (18) and Tyukavina et al. (Tyukavina et 
al., 2017) (at the 95% confidence level). 
As opposed to deforestation, our estimated area of D/ND is 
significantly higher than previous estimates. From 2001 to 2010, Souza et al. 
(Souza et al., 2013) found 50,800 km2 of D/ND, Tyukavina et al. (Tyukavina 
et al., 2017) estimated 30,200 km2, while we estimated 150,700 km2 
(±26,600). From 2007 to 2016, Brazil’s DEGRAD (Inpe, 2008) system mapped 
146,100 km2  of anthropogenic degradation in the Brazilian Amazon, while we 
estimated 171,100 km2 (±28,400) of D/ND. Finally, from 1999 to 2002 Asner 
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et al. (Asner et al., 2005) found 46,150 km2 of D/ND due to selective logging in 
the Brazilian Amazon while we found 55,300 km2 (±15,400) of total D/ND.  
There are differences between the studies that we believe account for 
the discrepancies. First, the targeted disturbance classes are not consistent. 
For example, DEGRAD only maps anthropogenic degradation over 6.25 ha, 
and excludes natural disturbances such as windthrow and natural fires. 
Similarly, (Asner et al., 2005) included only selective logging and excluded 
fire. Second, the study areas differ slightly between studies, as (Asner et al., 
2005) only included 90% of the Brazilian Amazon, while (Tyukavina et al., 
2017) estimated areas based on a sample selected from a population of the 
pixels mapped as change in a combined disturbance dataset. Contrarily, our 
estimates are inferred from a sample selected from a population 
corresponding to the entire Amazon Ecoregion study area, and, as such, our 
estimates pertain to a larger geographical area. In our sample data, 88 
sample units selected in strata corresponding to stable land cover classes 
were identified as change in the reference data. These omission errors in the 
map imply that the map data underrepresented the area of change and D/ND 
(Figure 25). The unbiased estimator that we applied to the sample data 
accommodates and adjusts for errors of omission and commission in the map, 
which is why our estimated areas of change and D/ND are larger than the 
mapped areas (Figure 26). The reported areas of D/ND in Souza et al. (2013), 
		
84 
Asner et al. (2005), and INPE (2008) were obtained directly from maps and 
not by application of an estimator to sample data, whereas the population 
sampled in Tyukavina et al. (2017a) was limited to change strata. Hence, 
none of the other studies identified and accounted for the omitted area of 
D/ND in the map data. Because omission errors tend to have a marked 
impact on areas of small map classes (e.g. deforestation and D/ND), the lack 
of accommodation of omission errors may further explain why previously 
reported areas of D/ND are significantly smaller compared to ours (Arévalo et 
al., 2019; Olofsson et al., 2018).  
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Figure 25. Examples of errors of omission in the reference samples. For six examples, a 
Landsat 5-4-3 image is shown before and after a disturbance and the map strata, which 
shows that they belong in a stable class such as forest. The disturbances are due to fires (A., 
C., and E.), selective logging (B. and E.), and wind damage (F.). Below the Landsat imagery 
show the NDFI time series for the corresponding sample unit, which is used as the basis for 
change detection in CODED. The images before and after the disturbance are labeled in the 
time series in orange and red, respectively. While these disturbances were errors in the 
mapped dataset, they were labeled as change in the reference data. Of consequence, the 
estimated areas are higher than the map areas. 
 
The Global Tree Cover Loss dataset from the Global Forest Watch 
(GFW) maps stand-replacing disturbances at 30m resolution (Hansen et al., 
2013). From 2001 to 2017, GFW found 381,300 km2 of stand replacing 
disturbances in the Amazon Ecoregion, while we estimated 252,000 km2 
±28,600 of deforestation and 322,700 km2 ±37,100 of D/ND. To be consistent 
with the GFW dataset our estimate only includes the first disturbance after 
2000 for each sample unit. The discrepancy is partially due to differences in 
definitions, as our definition of D/ND did not require a complete canopy 
clearing, as would be the case in selective logging or low-intensity fires. 
Furthermore, our sample-based estimates included the area of D/ND omitted 
by the map data as opposed to areas obtained directly from maps. Similarly, 
(Milodowski et al., 2017; Tyukavina et al., 2015) found the GFW dataset to 
omit large areas of forest loss such that it underestimates total forest loss by 
9-27% in parts of the Amazon, which would represent 34,300 to 103,000 km2 
of additional tree cover loss. This omission error is likely to explain why our 
area estimates, which include D/ND in standing forests, are higher than the 
area mapped by the GFW dataset.  
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Figure 26. Area of D/ND (left) and deforestation (right). The areas directly extracted from 
the dataset through “pixel counting” are shown in purple, sample-based yearly estimates 
with are shown in orange, and the average 1-year area across biennial periods is in green. 
The estimated 95% confidence interval (CI) for one period is shown for the yearly and 
biennial estimates. The map-based areas were not used for the basis of analysis due to 
classification bias, and the yearly estimates were not used due to insufficient precision (too 
large of confidence intervals).  Note that errors of omission in the D/ND class caused a large 
discrepancy between the map and sample-based areas.  
3.4 Discussion 
Our estimates of deforestation and D/ND are 144-160% those of comparable 
studies (Hansen et al., 2013; Tyukavina et al., 2017), signifying an 
unaccounted for source of carbon emissions into the atmosphere. While 
regenerating forest after D/ND has more sequestration potential than most 
other land covers, the sequestration process is gradual. The emissions in the 
case of fires, by contrast, are directly released into the atmosphere at the 
time of the disturbance. Although biomass reduction from D/ND is dependent 
on the intensity of the disturbance and pre-disturbance forest structure, 
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D/ND from fire and logging have shown to reduce Amazonian forest biomass 
by 45-90% (Rappaport et al., 2018).  
Furthermore, D/ND diminishes the ecological productivity of a forest 
by reducing evapotranspiration, biomass, and species diversity (Barlow et al., 
2016, 2003; Silva et al., 2018). The impact intensifies with repeated 
disturbances, which we found to occur in 30% of regenerating forests 
(Rappaport et al., 2018). Our results suggest that 7-8% of the 1995 area of 
natural forest is, as of 2017, in a state of post-disturbance regeneration. This 
area of disturbed forest offers opportunity for restoration through efforts such 
as the Initiative 20 × 20, which aims to restore 20 million hectares of 
degraded land in Latin America and the Caribbean by 2020 (Vergara et al., 
2016).   
Our sample-based approach to area estimation corrects for bias caused 
by errors in mapping and, importantly, allows for the calculation of 
uncertainties (confidence intervals) (Olofsson et al., 2014). It is therefore 
highly probable (>95%) that the confidence intervals contain the true area of 
change. Our results exhibit a strong correspondence with the hand-delineated 
PRODES data for deforestation in Brazil, which are within the confidence 
intervals of the estimated area of deforestation. While similar data is not 
available for comparison outside the Brazilian Amazon and for D/ND, we see 
no reason to believe those estimates would not also be reflective of the true 
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area of change according to the scale of our analysis. It is likely, however, 
that more activity is occurring at spatial scales smaller than the minimum 
mapping and spatial assessment unit of 30 m used in this study, which 
implies that the total area of disturbance is likely even higher than our 
estimated area. 
This study estimated the area of deforestation and D/ND at biennial 
time intervals. While the interpreted sample can be used to estimate yearly 
disturbance areas, the confidence intervals are larger, indicating more 
uncertainty in the estimated areas (Figure 26). Biennial periods were 
determined as the shortest time interval for estimation that could be 
achieved with our desired precision while maintaining a feasible sample size.  
However, the yearly estimated areas shown in Figure 26 are likely more 
indicative of yearly weather and policy changes that affect disturbance. 
Future efforts can achieve similar precision in yearly estimates to those 
presented here for biennial estimates by increasing the total sample size or 
reducing errors in the stratification.  
The disturbance dataset created for this analysis contains errors of 
omission due to disturbances that were not detected by CODED (Figure 25). 
These omission errors are common in time periods with low data availability, 
or for subtle disturbances that cause a spectral change that does not greatly 
exceed the normal variability in the data. Out of the 83 sample units from 
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stable strata that were labeled as disturbance in the reference data, 49 were 
located within the disturbance frontier in the Southern Brazilian Amazon 
(Figure 27). This region contains the highest occurrence of D/ND and 
deforestation in the Amazon Ecoregion, suggesting that the omission errors 
frequently occur in areas of highly disturbed forests rather than isolated 
events.  
 
Figure 27. Sample units corresponding to the disturbance (D/ND, Deforestation, or Both), 
stable (Forest, Non-Forest), and Possible Disturbance strata. Error of omission for 
disturbance is defined as a sample unit from the stable strata that was labeled as 
disturbance in the reference data.  
While the dataset contained errors of omission, the User’s Accuracy for 
the disturbance classes was relatively high (80.19%) indicating strong 
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correspondence between the areas mapped as change and actual locations of 
disturbance. Visual interpretation also provides legitimacy to the disturbance 
dataset, as it clearly shows patterns typical of deforestation and D/ND. These 
patterns include the “fishbone” shape caused by deforestation extending 
perpendicular to roads, irregular patches affected by fire, and groupings of 
small canopy gaps due to selective logging (Figure 21). The dataset would 
therefore be suitable for analysis of spatial patterns in disturbance with 
respect to shifting drivers and locations of disturbance, protected areas, sub-
regional weather patterns, or demographic trends. This information could be 
valuable for evaluating the effectiveness of policies aimed at conservation or 
reducing disturbance, in addition to predicting areas at high risk of future 
deforestation or D/ND.  
There are natural events that may change the foliage or structure of a 
forest that should not be considered a disturbance. For example, defoliation 
due to drought would affect the forest canopy and therefore cause a spectral 
change similar to a natural disturbance. However, this defoliation does not 
reduce the ecological capacity of the forest and is a natural response to 
aridity. Therefore, drought deciduousness was not included in our definition 
of disturbance. The estimated areas of disturbance did not include drought 
deciduousness as it can be easily distinguished during sample interpretation. 
Sample units that were affected by drought deciduousness would be labeled 
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as a stable land cover unless there was a separate event that met our 
definition of disturbance.  
Additionally, the leaf loss in drought deciduous forests generally does 
not persist for more than 1-3 months (Meir et al., 2009). While it is possible 
that CODED falsely labeled drought deciduous forests as disturbed, the 
requirement that four consecutive observations exceed the change threshold 
means that disturbances would need to persist for at least four months to be 
labeled as change. Consequently, it is unlikely that leaf loss due in drought 
deciduous trees would be labeled as a change due to the short duration of 
defoliation events. In comparison, sample units selected from the D/ND 
strata exceeded the change threshold an average of 546 days and only 5% of 
which were under 200 days, far longer than the effect of defoliation during 
drought (Figure 28).  
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Figure 28. The number of consecutive days that samples selected from the D/ND stratum 
exceeded the change threshold for NDFI. On average, D/ND resulted in NDFI values that 
exceeded the change threshold for 546 consecutive days.  
Our results indicate shifts in forest disturbance dynamics in the 
Amazon during periods of policy intervention and climate change. The 
changes can be summarized according to our following findings: 1) 
Deforestation decreased in the Amazon after 2004, corresponding to the 
implementation of PPCDAm in Brazil; 2) D/ND is increasingly affecting 
larger areas due to the reductions in deforestation and increasing frequency 
of drought; and 3) The proportion of deforestation occurring in the non-
Brazilian Amazon has gradually increased since 1995, although that pattern 
has been slowly reversing since 2012. Therefore, it is important that future 
policies aimed at promoting conservation consider these changing dynamics 
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and do not only focus on large-scale deforestation in the historical 
deforestation frontiers in Brazil.  
After 2004, efforts to reduce deforestation in the Amazon have focused 
on supply chain intervention, strict governance and law enforcement, and 
expanding conservation and indigenous territories (Nepstad et al., 2014). 
However, since 2012 there has been a loosening enforcement of supply 
change agreements and illegal deforestation in Brazil, coinciding with a 
gradual upward trend in deforestation in the non-Brazilian Amazon. To date 
most policies aimed at promoting conservation have not targeted D/ND, in 
which the drivers can be complex and largely influenced by climate change. 
Thus, current trends suggest D/ND will continue to intensify, and 
deforestation will likely remain prevalent in the next decade.  
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Chapter 4   
Carbon dynamics of forest disturbance in the Amazon 
4.1 Introduction 
Tropical forest disturbance causes the emission of carbon into the atmosphere 
through combustion of biomass and heterotrophic respiration of soil carbon 
and plant material. Total carbon loss from forest disturbance consists of loss 
from deforestation plus loss from degradation and natural disturbances 
(D/ND). Together, global carbon loss from forest disturbance is expected to 
contribute 5 to 15% of anthropogenic carbon emissions in the 21st century 
(Goetz et al., 2014; Houghton et al., 2014; Penman et al., 2003; van der Werf 
et al., 2009). The large discrepancy in estimated emissions reflects current 
uncertainties about tropical forest carbon flux, which is considered one of the 
largest sources of uncertainties in the global carbon cycle (Houghton et al., 
2001). Reducing this uncertainty is therefore essential for advancing climate 
science and for directing initiatives that seek to reduce anthropogenic carbon 
emissions.    
 In the absence of a well-established field inventory programs, the IPCC 
(2003) recommends measuring tropical forest carbon fluxes using the gain-
loss approach, in which net change is calculated as the sum of emissions due 
to disturbance and removals from sequestration. Carbon loss (or emissions) 
can be calculated by multiplying an emission factor for a disturbance class 
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(such as deforestation for pasture) by activity data, or the area of 
disturbance. “Good Practices”, as advised by the IPCC, states that activity 
data should be produced with minimal bias and with an estimate of 
uncertainty. This can be done using sample-based estimates of area, while 
emission factors can be calculated using field data for measuring changes in 
the carbon content of the forest (Penman et al., 2003). Carbon removals can 
be estimated in this manner by applying activity data on forest gain to a 
biomass growth model.  
 For estimating emissions from deforestation, approaches to create 
activity data have been tested (GFOI, 2013; Goetz et al., 2014), and emission 
factors have been developed for different locations, disturbance classes, and 
spatial scales (FAO, 2017). While similar approaches for D/ND have been 
proposed (Mitchell et al., 2017), and instituted for specific countries (e.g. 
Guyana and Cambodia), they have not been utilized as extensively as for 
deforestation. The methodological constraints for creating activity data on 
the area of D/ND have been documented (Herold et al., 2011; Lambin, 1999), 
and the process of calculating emission factors is challenging because D/ND 
can result in a range of emissions depending on the intensity of the 
disturbance. Consequently, D/ND is usually not taken into account in 
greenhouse gas inventories, REDD+ reporting, or large-scale carbon 
bookkeeping (Harris et al., 2012; Pearson et al., 2017).  
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 The Amazon Ecoregion contains approximately 70 petagrams carbon 
(Pg C) contained in above and belowground biomass (Houghton et al., 2001). 
Recent studies have estimated an average of 0.34 Pg C yr-1 are emitted due to 
deforestation, which is equavilant to 24% of global carbon emissions from 
land use change and 3% of total anthropogenic emissions (Achard et al., 2014; 
Le Quéré et al., 2018; Tyukavina et al., 2015). Comparing estimates of D/ND 
is not straight forward, however, due to differences in study designs, but they 
are in the range of 0.07 to 0.34 Pg C yr-1 (Aragão et al., 2018; Baccini et al., 
2017; Houghton et al., 2000; Pan et al., 2011; Pearson et al., 2017).  
 Carbon emissions due to deforestation in the Amazon decreased from 
2004 to 2013, during which time Brazil implemented the Action Plan for the 
Prevention and Control of Deforestation in the Legal Amazon (PPCDAm) 
(PPCDAm, 2004). PPCDAm consisted of a series of multi-sectoral policies 
aimed at incentivizing conservation and de-incentivizing deforestation. The 
objective of PPCDAm was not, however, to reduce D/ND. Chapter 3 of this 
dissertation found that D/ND remained consistent from 1995-2017, and 
evidence suggests that a rise in high-risk drought conditions is leading to an 
increase in emissions from D/ND due to fires (Aragão et al., 2018; Duffy et al., 
2015; Erfanian et al., 2017; Gatti et al., 2014).   
In this study, we use the gain-loss approach to estimate aboveground 
carbon loss from D/ND and deforestation and carbon removal from 
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regeneration of disturbed forests. We use activity data on the area of change 
that was calculated in Chapter 3. We create probability density functions 
(PDFs) for parameters such as biomass and emission factors using regional 
biomass datasets in addition to field inventory data. Using Monte Carlo 
simulation, we estimate aboveground carbon loss due deforestation and D/ND 
at biennial intervals in addition to carbon removal from forest regeneration.  
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4.2 Data and Methodology 
	
Figure 29. Schematic representation of the workflow to estimate emissions from deforestation and 
D/ND and removal from regeneration. The components are colored according to the source of the data 
and/or analysis.  
4.2.1 Estimation of Carbon Loss and Regeneration 
We used a Monte Carlo simulation to model aboveground carbon loss due to 
D/ND and deforestation and regeneration after D/ND. In a Monte Carlo 
simulation, each parameter of a model is represented as a probability 
distribution. Here, we create distributions for biomass, activity data, and 
emission factors. The model is then executed many times, with random 
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variates selected from the probability density function (PDF) of the 
distributions during each iteration. Monte Carlo simulations are 
advantageous for situations in which there is uncertainty or variance in the 
model parameters. Given the size of the Amazon Ecoregion, there is 
considerable variability in biomass (Ometto et al., 2014). Additionally, there 
have been little attempts at calculating emission factors for D/ND in the 
Amazon. Therefore, Monte Carlo analysis accounts for this variability by 
repeatedly sampling from the PDFs and calculating a range of model 
estimates.  
 For our Monte Carlo analysis we used 10,000 iterations to model 
aboveground carbon loss and sequestration. Biomass was converted to carbon 
content using a conversion factor of 0.5 (Silva, 2007). For every biennial 
period t, carbon loss for D/ND and deforestation were estimated as:  𝐸! =  𝐵! ∗ 0.5 ∗  𝑃! 𝐿! =  𝐴! ∗  𝐸! 
where, 
Et = Emission factor for deforestation or D/ND for biennial period t (Mg C) 
Bt = Aboveground tree biomass (Mg) 
Pt = Proportion of biomass emitted due to the disturbance (0-1) 
Lt = Carbon loss for biennial period t (Mg C) 
At = Activity data on the area of disturbance (ha) 
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Carbon loss and gain from regeneration is reported as the mean of 10,000 
iterations of the carbon model and the model variability is represented as the 
standard deviation of the estimates.  	
4.2.2 Disturbance Dataset and Activity Data 
	
Figure 30. The disturbance dataset created for Chapter 3 of this dissertation. The dataset was created 
using the CODED methodology on the Google Earth Engine, and contains disturbance information at 
30m spatial resolution for 1990-2017.  
In Chapter 3 of this dissertation, we calculated biennial estimates of the area 
of deforestation and D/ND in the Amazon Ecoregion from 1996-2017. The 
estimates were derived from a stratified sample of 3200 sample units, which 
was selected from a spatially-explicit disturbance dataset (hereafter referred 
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to as “the disturbance dataset”) created using the methodology developed in 
Chapter 2 (Bullock et al., 2018). For more information on the disturbance 
dataset and area estimates please refer to the Methodology section of 
Chapter 3 in this dissertation. For each biennium the activity data, or area of 
D/ND or deforestation, is derived from a normal distribution that is defined 
according to the mean and standard error of the area estimated in Chapter 3.  
4.2.3 Biomass in the Amazon 
The study area is the Amazon Ecoregion as defined in Olson et al. (2006) 
(Figure 30). Ideally, we would have spatially representative field inventory 
data on forest biomass to use to estimate a distribution for aboveground 
forest biomass. However, given the size, diversity of ecosystems, and 
inaccessibility of remote regions it is not feasible to obtain field 
measurements that are representative of our entire study region. 
Alternatively, we could use a regional average or maps of pre-defined carbon 
strata, but the extreme variability in biomass across the region, in addition to 
a bias in field inventory data towards easily accessible forests, suggests that 
this approach would not be fully representative for the region (Ometto et al., 
2014). Instead we utilize a spatially-explicit map of biomass from Avitabile et 
al. (2016) to create a distribution representing aboveground biomass. The 
Avitabile dataset was produced by fusing previous biomass maps and was 
calibrated with field data. We therefore believe the dataset to be more 
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representative of the region than would a single average value or a pre-
defined set of carbon strata.  
 
Figure 31. Aboveground biomass from the Avitabile et al. (2016) dataset. A. The original dataset at 1 
km spatial resolution. B. The median stable forest biomass within 100 km x 50 km grid cells. The 
disturbance dataset was used to mask non-forest and previously disturbed pixels in the median gridded 
data.   
The Avitabile biomass map was created using data that spanned our 
study period and therefore contains pixels that were affected by disturbance. 
Consequently, the biomass map could not be compared to the disturbance 
dataset through “overlaying” the two maps, as some of the pixels would be 
affected by the disturbance. This effect can be seen in the biomass histograms 
for stable and previously disturbed pixels, according to the classification in 
the disturbance dataset and biomass in the Avitabile dataset, in Figure 32. 
The previously disturbed pixels are consistently lower in biomass than stable 
forest, suggesting that the biomass estimates were likely influenced by 
disturbance. The stable forest pixels could theoretically be used to create the 
biomass distribution. However, stable forest biomass is highest in regions 
that contain little disturbance, such as French Guinea and Amazonas, Brazil 
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(Figure 31). Therefore, it is likely that the stable forest biomass for the entire 
study area is, on average, higher than in locations undergoing disturbance. 
Thus, neither the previously disturbed nor the stable forest map classes 
would consistently represent the biomass of non-disturbed forests in the 
regions that are actively undergoing disturbance.  
 
Figure 32. Aboveground biomass in pixels classified as stable forest, non-forest, D/ND, or deforestation 
according to the stratification from Chapter 3. The difference in biomass between disturbed and non-
disturbed forests suggest that the biomass data was affected by disturbance and thus is not 
representative of pre-disturbance biomass.  	
To address this issue, the biomass distribution was calculated as the 
median forest biomass in regions that contained disturbance. This approach 
is intended to preserve the inherent spatial variability in biomass in the 
undisturbed forests of the Amazon while at the same time trying to minimize 
the effect of disturbance.  To do so, all non-forest and disturbed pixels were 
removed from the biomass map. The median forest biomass was then 
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calculated within grid cells of approximately 100 km x 50 km. This process 
results in a grid of median biomass values from the stable forest areas within 
the cell according to the Avitabile et al. dataset. The gridded biomass layer 
was then overlaid with the disturbance dataset. For each pixel that was 
mapped as disturbed in the disturbance dataset (deforestation or D/ND), the 
corresponding stable forest biomass value was extracted from the grid. The 
biomass values for each pixel mapped as disturbance, which represents stable 
forest biomass in the proximity of disturbance, was then used to create the 
PDF for pre-disturbance biomass (Figure 33B). Stable forest biomass, for the 
entire study region, averaged 264 Mg C ha-1, while pixels previously affected 
by D/ND and deforestation averaged 180 and 139 Mg C ha-1, respectively 
(Figure 31). Stable forest biomass in the vicinity of disturbances, as 
calculated according to the gridded biomass dataset and used to create the 
PDF, averaged 246 Mg C ha-1. 
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Figure 33. Model parameters for the Monte Carlo analysis. A. Two growth curves to estimate post-
disturbance regeneration as a function of years since the disturbance. G1 was calculated using field 
data reported in Rappaport et al. (2018), with G2 was calculated using the disturbance dataset from 
Chapter 3 and the biomass dataset from Avitabile et al. (2016). B. The frequency distribution of 
aboveground biomass in stable forests in the vicinity of disturbance. A normal distribution was fit to 
the data and is shown in red. C. Normalized frequency histograms for the proportion of aboveground 
biomass lost due to disturbance for selective logging, fire, and windthrow. The proportional emission 
values were reported in Rappaport et al (2018) and Marra et al. (2018) using field data from the 
Brazilian Amazon. Normal distributions were fit for each disturbance type, with the variate selected 
based on the relative disturbance frequency. D. Biennial area estimates of D/ND and deforestation that 
were calculated in Chapter 3. The estimates of area and standard error were used to calculate the 
distributions for activity data.  
4.2.4 Emission factors 
Since aboveground biomass varies spatially, the amount of carbon loss due to 
a disturbance would vary accordingly. Therefore, we did not use a single 
emission factor to represent carbon loss due to disturbance. Instead, we 
created unique emission factors for each model iteration that were 
represented as the proportion of pre-disturbance biomass emitted due to the 
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disturbance. Biomass data comparing non-disturbed forests with those 
recently affected by fire, logging, and windthrow in the Brazilian Amazon 
were reported in Rappaport et al. (2018) and Marra et al. (2018). These 
studies found that a majority of disturbance resulted in a loss of 35-65% of 
the aboveground biomass. These data were used to create normal 
distributions representing biomass reduction due to the three types of 
disturbance, which would ultimately be used to create unique emission 
factors for every iteration of the Monte Carlo simulation (Figure 33).  
For a single iteration, three random variates representing the 
proportion of biomass emitted due to the disturbance were selected from the 
distributions corresponding to fire, wind, and logging. Next, a single selection 
was chosen from the three random variates, with the selection being decided 
by a sampling probability determined by the relative occurrence of each 
disturbance type in the Amazon. Since our disturbance dataset does not 
include information on disturbance type, the relative frequencies found in 
Tyukavina et al. (2017) were used to determine the sampling probability. 
That study found that fire accounted for 53% of D/ND in the Brazilian 
Amazon from 2001 to 2013, while selective logging accounted for 36%, and 
non-fire natural disturbance accounted for 11%. Finally, an emission factor 
was estimated by multiplying the value for biomass by the proportion of 
biomass emitted due to the disturbance.  It was assumed that all 
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aboveground biomass removed would eventually be emitted, and loss from 
soil and litter carbon was not included in this analysis. These carbon pools 
were omitted due to a lack of data on the effect of various forest disturbances 
on soil and litter carbon. If data of this kind were to become available, it 
could be integrated into the analysis.   
In the IPCC Guidelines for National Greenhouse Gas Inventories 
(IPCC, 1997), the default assumption for emissions from deforestation is 
“that all carbon removed in wood and other biomass from forests is oxidised 
in the year of removal.” While this assumption is not always valid, it is 
“considered a legitimate, conservative assumption for initial calculations” 
(IPCC, 1997, p. 5.17). We therefore assumed that all aboveground carbon 
stored in biomass was emitted in the year of deforestation. In other words, 
the parameter representing the proportion of biomass emitted due to 
deforestation was always 1, while for D/ND it ranged between zero and one 
and was derived from the multimodal distribution representing emissions 
due to fire, logging, and windthrow.  	
4.2.5 Growth Functions 
Rates of carbon sequestration in regenerating and secondary forests can be 
estimated through application of a growth model that relates tree age to 
biomass. This process is not straightforward in the case of D/ND, however, as 
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D/ND often results in only partial mortality of tree stands. Consequently, 
estimates of carbon accumulation in regenerating forests are highly 
uncertain, and previous attempts to calculate growth models have focused on 
only the Brazilian portion of the Amazon (Alves et al., 1997; Longo et al., 
2016; Rappaport et al., 2018). Therefore, we tested two different approaches 
for calculating growth curves for regenerating forests.  
 The first growth model (G1) was based on field data from Rappaport et 
al. (2018) that relates time since fire or logging to aboveground biomass. The 
data were collected at multiple locations in the Brazilian Amazon as part of 
the Sustainable Landscapes Brazil Initiative (EMBRAPA, 2014). The second 
growth model (G2) compares pixels classified as D/ND in the disturbance 
dataset to the grid of stable forest biomass. For both models, biomass 
accumulation (pt), scaled to the proportion of pre-disturbance (or stable 
forest) biomass (Bt), was estimated as a function of the time since a 
disturbance (t). Put simply, carbon gain from regeneration was calculated as 
a function of time since the disturbance and represents the proportion of pre-
disturbance biomass sequestered due to regeneration. The models were 
expressed as logarithmic growth curves, and the coefficients were calculated 
using a least squares fitting approach. The two growth models were similar, 
although G1 estimated a faster growth rate than G2 (Figure 33). Forest 
regeneration (or growth after a disturbance) was calculated for time t as: 
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RG1,t = 11.6 + 8.2 * log(t) 
RG2,t = -0.72 + 7.8 * log(t) 
 
4.3 Results 
Carbon loss from aboveground biomass in the Amazon due to D/ND averaged 
0.23 (±0.09) Pg C biennium-1 and 0.34 (±0.14) Mg C ha-1 biennium-1, while 
carbon loss from deforestation averaged 0.34 (±0.16) Pg C biennium-1 and 
0.51 (±0.24) Mg C ha-1 biennium-1. The biennial period with the highest 
emissions due to deforestation was 2002-2003 (0.62 ±0.19 Pg C) and for D/ND 
was 1998-1999 (0.54 ±0.14 Pg C). Over the study period a total of 6.28 (±0.77) 
Pg C was emitted into the atmosphere, which, when using a conversion factor 
of 3.66, is equivalent to 23.0 Pg CO2. For two biennium periods, 2010-2011 
and 2016-2017, there were more emissions due to D/ND than deforestation.  	
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Figure 34. Biennial estimates of carbon loss from deforestation and degradation and natural 
disturbance (D/ND) in the Amazon Ecoregion. Carbon loss was primarily driven by deforestation in the 
beginning of the study period, and since 2008 have had similar contributions from D/ND and 
deforestation.   
 Carbon loss from deforestation decreased from 0.44 Pg C yr-1 (± 0.03) 
from 1996 to 2003 to 0.18 (± 0.04) Pg C yr-1 from 2008 to 2016. This decrease 
is largely due to a reduction in deforestation in the Brazilian Amazon after 
2004 (Chapter 3, Figure 23). Consequently, carbon loss from D/ND was 
approximately the same as from deforestation between 2008 and 2017, 
averaging 0.18 (±.08) and 0.19 (±.04) Pg C biennium-1, respectively. For 
comparison, in 2002-2003 there was over four times the carbon loss from 
deforestation than D/ND, and in the Brazilian Amazon it was six times 
(Figure 35).  
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Figure 35. Biennial aboveground carbon loss due to deforestation and D/ND in 
Brazil. Carbon loss from deforestation dropped dramatically after 2004 due to policy 
initiatives aimed at reducing deforestation. D/ND, however, has remained prevalent 
and from 2008 to 2017 led to as much carbon loss as deforestation.  	
Table 7. Carbon loss and removal using the G1 and G2 growth models. The standard 
deviation of the estimates from the Monte Carlo simulation are shown in 
parenthesis.  
Growth Model Carbon Removal 
(Pg C) 
Net D/ND Carbon 
Loss (Pg C) 
Total Net Carbon 
Loss (Pg c) 
G1 1.43 (0.18) 1.07 (0.17) 4.86 (0.64) 
G2 0.97 (0.38) 1.53 (0.35) 5.32 (0.82) 
 	
Using both the G1 and G2 growth models resulted in a net loss of 
carbon due to D/ND (Table 7). The G1 growth function, which was based on 
field data and modeled a faster recovery than G2, resulted in 50% more 
carbon removal over the study period than the G1 model (Figure 36). 
However, carbon removals from both models were considerably lower than 
loss, resulting in net carbon loss from D/ND and deforestation of 4.9-5.3 Pg C. 
Our estimate of carbon removal is likely conservative as it was assumed that 
		
114 
all forests affected by D/ND would regenerate in the absence of secondary 
disturbances. If there were to be no disturbances after 2017, and assuming no 
major disruption to natural systems, regenerating forests would remove the 
cumulative emissions from D/ND since 1996 by approximately 2040 using G1 
and 2060 using G2. 
	
Figure 36. Cumulative estimates of carbon loss and gain due to D/ND and regeneration in the Amazon. 
While regeneration sequestors some of the carbon lost from disturbance, the process is gradual and 
therefore D/ND has represented a net source of carbon from 1996 to 2017.  For plotting purposes the 
standard deviation is not shown for the estimates of removal or net change with the G2 growth curve.  	
4.4 Discussion 
4.4.1 Amazon and the Carbon Cycle 
Deforestation and D/ND in the Amazon were significant sources of carbon 
emissions to the atmosphere from 1996 to 2017. The IPCC (referring to 
(Houghton, 2012) estimates that from 2000 to 2011 there was an average of 
0.9 (±0.8) Pg C yr-1 net emissions from land use change, and a total of 13.5 
(±1.7) Pg C yr-1 from anthropogenic carbon emissions. This study found that 
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D/ND and deforestation in the Amazon contributes 5-22% and 6-34% of global 
emissions from land use change and 0.2-1.5% and 0.4-2.3% of total 
anthropogenic carbon emission, respectively. (Houghton, 2012) attributes 10-
40% of global emissions from land use change to D/ND. This study found 
that, in the Amazon, D/ND contributes approximately 30% of gross emissions 
from land use change.  
Regenerating forests reduce the net carbon emission due to D/ND and, 
given enough time to recover under stable ecological conditions, will 
eventually become carbon neutral. This assumption, however, requires the 
regenerating ecosystem to be similar to the conditions before the disturbance. 
Hydrologic changes due to the disturbance have been shown to reduce 
evapotranspiration and subsequent rainfall in heavily disturbed forests 
(Brando et al., 2014; Cochrane et al., 1999; Lean and Warrilow, 1989; Lovejoy 
and Nobre, 2018). The reduction in moisture contributes to drought 
conditions, which then increases the risk of D/ND due to fires. Evidence of a 
feedback loop was presented in Chapter 3, in which the area of D/ND during 
drought years was estimated to be over double that of non-drought years. The 
comparison of the disturbance dataset to the biomass map (Figure 31), in 
addition to assessment from previous studies have demonstrated that 
disturbed forests in the Amazon are consistently lower in biomass than non-
disturbed (Berenguer et al., 2014; Huang and Asner, 2010). Thus, it should 
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not be assumed that D/ND is a net neutral process in human-modified 
landscapes without further accounting for ecological feedbacks. However, our 
results suggest than a storage potential of up to 2.20 Pg C exists in forests 
previously affected by D/ND. These forests offers opportunity for carbon 
removal through land restoration efforts such as the Initiative 20 × 20 
(Vergara et al., 2016).  
4.4.2 Comparison to Other Studies 
Table 8. Comparison of estimates of gross carbon loss. The methodology presented in this study was 
applied at the scales and time periods used in the other studies for comparison. Biennial area estimates 
were calculated for the Brazilian Amazon using a ratio estimator with only the samples that were 
located in Brazil. When possible, aboveground carbon was extract from the other studies for direct 
comparison. However, in some cases only combined below and aboveground carbon loss was reported. 
The activities are selective logging (SL), fire (F), woodfuel collection (WF), deforestation (D), and stand-
replacing disturbance (SRD),  
Source Domain Time 
Period 
Activities Pools Methodology Estimate 
(Pg C yr-
1) 
This 
Study 
(Pg C yr-
1) 
 Degradation and Natural Disturbance  
Huang & Asner, 
2010 
Brazilian 
Amazon 
1999-
2002 
SL AGC, 
BGC 
RS 0.045 
(0.005) 
0.069 
(0.034) 
Berenguer et al., 
2014 
Brazilian 
Amazon 
2010 SL, F AGC, 
BGC 
Field Data 0.03-0.08 0.12 
 (0.04) 
Pearson et al., 
2017 
Amazonian 
Countries 
2005-
2010 
SL, WF, F ABC, 
BGC 
Model, RS 0.1 0.11  
(0.06) 
Aragão et al., 
2018 
Brazilian 
Amazon 
2003-
2015 
F ABC Model, RS 0.12 (0.12) .06 
 (.04) 
Deforestation 
Ministry of the 
Env., 20181 
Brazilian 
Amazon 
1996-
2008 
D AGC RS 0.33 (0.10) 0.38 
(0.08) 
Tyukavina et 
al., 2015 
Brazil, Pan-
Amazon 
2000-
2012 
SRD AGC RS, Sample 0.342 
(0.03) 
0.347 
(0.27) 
Aragão et al., 
2018 
Brazilian 
Amazon 
2003-
2015 
D ABC RS 0.12 (0.12) 0.12 
(0.09) 
Harris et al., 
2012# 
Amazonian 
Countries# 
2000-
2005 
SRD ABC, 
BGC 
RS 0.28-0.58 0.25 
(0.05) 
 
Our estimates of gross carbon emissions from deforestation are consistent 
with previous studies (Table 8). Although definitions of deforestation vary, all 
the estimated emissions from deforestation for the comparable studies are all 
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within one standard deviation of our estimate. It should be noted that no 
studies share the same study region or definitions as ours, and therefore 
comparisons should be considered approximate. Comparing estimates of 
emissions from D/ND, however, shows less consistency between studies. 
While we did not include emissions from belowground biomass or ground 
litter, the estimates of this study were still 35-60% higher than the ones that 
including those pools. As discussed in Chapter 3, our estimated area of D/ND 
is larger than most other studies due to our study design that accounted for 
errors of omission in the area estimates. The difference in activity data, in 
addition to varying definitions of disturbance, likely contribute to the 
difference in carbon loss estimates.  
4.4.3 Study Limitations 
There are a number of limitations in our analysis that should be addressed. 
First, the model parameters were based on regional distributions or, for 
emission factors, a few studies with limited field campaigns. These 
parameters could likely be improved by incorporating spatial information on 
the location of disturbances or sub-regional environmental variables. This 
limitation was necessary for the study design, which used sample-based 
estimates of area instead of spatially explicit map areas.  
A possible way of incorporating spatial data into the distribution for 
biomass is to use an unbiased statistical estimator that accounts for both 
		
118 
area and carbon content. This could be done through field visits to obtain a 
biomass estimate for each sample unit. A post-stratified estimator could then 
be used to calculate the area of disturbance according to biomass strata. 
While countries such as Brazil are currently developing their field inventory 
program, which demonstrates that it is possible to collect systematical field 
data over large tropical forests, the costs of such a system are high. A more 
feasible approach would be to use a reliable biomass dataset in place of field 
visits. We suggest this as a topic for future research. 
 This study did not attempt to estimate removals from reforestation or 
afforestation. While in Chapter 3 we estimated the area of non-forest 
converted to forest, it was not feasible to associate a year with the transition. 
This limitation is due to the response design of the sample interpretation, as 
it was determined that Landsat data are not sufficient to accurately 
determine the precise year that a non-forest pixel transitions to forest. The 
reciprocal is possible, as disturbance is a sudden and often dramatic process. 
Additionally, regeneration is dependent on the timing of D/ND and therefore 
could be associated with a start date. However, the process of reforestation 
and afforestation is gradual and therefore had to be estimated over the entire 
study period, instead of in biennial periods. Therefore, it was not possible to 
estimate biennial rates of carbon removal from reforestation or afforestation 
in this study. Similarly, we determined in Chapter 3 that we could not 
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reliably differentiate between types of D/ND using historical Landsat data. 
Therefore, we had to rely on a multimodal distribution instead of using 
emission factors that are directly based on disturbance type. Sentinel and 
Planet satellites, which record data at higher resolutions than Landsat, 
should improve disturbance type attribution in the future.   
 Carbon loss from forest disturbance is the result of loss from 
aboveground carbon, belowground carbon, and vegetative litter. However, 
due to insufficient information on emission factors for belowground carbon 
and litter for D/ND, we limited this study to emissions from aboveground 
carbon stored in biomass. Previous studies have estimated emissions from 
belowground carbon to be 20-30% those from aboveground carbon during 
deforestation in the Amazon (Houghton, 2012; Silva, 2007). Consequently, 
our estimated emissions from disturbance are probably lower than the true 
amount. While there have been attempts to quantify the affect of soil and 
litter carbon on emissions from D/ND, the results are largely dependent on 
ecological parameters beyond area of disturbance (i.e. soil carbon content or 
maximum fire temperature). Therefore, we decided to omit carbon loss from 
belowground carbon and litter in this study.   
4.5 Conclusion 
Anthropogenic and natural disturbance drive forest-related carbon loss in the 
Amazon. This study suggests that the relative importance of different 
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disturbance types has changed between 1996 and 2017. From 1996 to 2004, 
disturbance and subsequent carbon loss occurred largely due to deforestation 
in the Brazilian Amazon. During the same time span, the drought of 1998-
1999 corresponded to a particularly high amount of carbon loss from D/ND, 
likely due to fires. From 2004 to 2013, emissions from deforestation were 
reduced to under half of the previous rate. Since 2008, emissions from 
deforestation and D/ND have been similar. However, drought conditions 
corresponded to large emissions from D/ND in 2005, 2010, and 2016. There 
are signs that deforestation has been rising since 2013, as well, 
corresponding to a period of relaxed enforcement of forest restrictions in 
addition to an updated forest code in Brazil (This Dissertation, Chapter 3). 
These results suggest that policy changes and market intervention helped to 
temporarily reduce emissions from deforestation. However, climate-
influenced hydrological changes have partially offset those reductions, and 
without strict enforcement it is likely that deforestation will persist in the 
future. Thus, disturbance in the Amazon will continue to be an integral 
component of the global carbon cycle in the 21st century.  
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Chapter 5  
Concluding Remarks 
Regional forest assessment during an era of climate change and increasing 
demand for Earth’s natural resources requires effective monitoring of 
changes in forest extent and condition. Earth observation satellites offer 
essential monitoring tools that can be used to address uncertainties about the 
role of forest disturbance in natural and human systems. This dissertation 
uses new methodologies for remote sensing analysis to provide insight about 
the role of Amazonian deforestation, degradation, and natural disturbance in 
the global carbon cycle and in altering natural forest ecosystems.  
5.1 Key Findings 
• Time series analysis used in spectral mixture analysis offers an 
improvement in monitoring degradation and natural disturbance 
(D/ND) over traditional image processing techniques. Using a dense 
data time series allows for detection of changes that are only visible for 
a short amount of time and reduces mis-classification due to clouds, 
while spectral mixture analysis increases the sensitivity of the 
algorithm to canopy damage. By characterizing the historical condition 
of a landscape it is possible to detect subtle changes caused by 
disturbance. Application on the Google Earth Engine further advances 
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capacity by eliminating computing limitations and allowing for 
analysis over large areas.  
• Forest disturbance due to degradation and natural disturbance have 
affected more forest than deforestation in the Amazon since 1995. 
While deforestation decreased after 2004 during a period of policy 
changes in Brazil, D/ND increased due to years of unusually frequent 
and severe droughts. There was also no notable increase in 
deforestation in the non-Brazilian Amazon after 2004, which suggests 
that the Brazilian policy changes did not result in major leakage of 
deforestation into nearby countries.  
• Since 1996, deforestation in the Amazon has resulted in approximately 
twice the gross aboveground carbon loss as D/ND. However, carbon 
loss since 2008 was similar for D/ND and deforestation. In recent years 
carbon loss from D/ND was especially high in periods of drought. If 
severe droughts continue to occur at the 2005 to 2017 rate, it is likely 
that emissions from D/ND will counteract emission reductions 
associated with the decrease in deforestation in Brazil. 
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5.2 Implications and topics for future research 
5.2.1 Forest Remote Sensing 
The results of this dissertation reflect advances in forest remote sensing over 
the previous century. Consistent data time series, free access to imagery, and 
cloud computing allow for complex analysis over the Amazon Ecoregion. The 
procedures used here were adapted from previous research, including 
spectral mixture analysis and calculation of NDFI (Adams et al., 1995; Souza 
et al., 2005), structural break detection (Kennedy et al., 2010; Verbesselt et 
al., 2010; Zhu and Woodcock, 2014), large area forest monitoring on GEE 
(Hansen et al., 2013), area estimation through statistical inference 
(McRoberts, 2011; Olofsson et al., 2014; Stehman, 2013), sample 
interpretation (Stehman, 1999; Tyukavina et al., 2017a), and land cover 
classification (Friedl et al., 2002; Pal, 2005). Access to these tools and data 
have facilitated methodologies, such as CODED, that are designed to detect 
subtle changes in forest condition.    
While designed in Rondônia and applied in the Amazon Ecoregion, it is 
likely that CODED is applicable to other forest ecosystems. CODED has 
already been implemented in Guatemala (Bullock et al., In Press) and the 
Republic of Georgia (Chen et al., Unpublished), and tested in Uruguay, 
Paraguay, Costa Rica, and Laos. While the Amazon Ecoregion is relatively 
ecologically homogenous and therefore could use a single set a parameters for 
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the change detection, expanding to diverse landscapes will require 
adjustments to the algorithm and different parameterization.  
Currently, we are using a set of endmembers that were calculated for 
the Amazon (Souza et al., 2005). However, these endmembers will not 
accurately characterize other landscapes if there are drastic ecological 
differences. Future research should evaluate approaches to calculating 
endmembers. A possible approach is to use a multi-endmember model that 
allows for different endmembers for each observation, although that has yet 
to be tested with time series data (Roberts et al., 1998). The sensitivity of 
CODED to disturbance should also be compared for differing ecological and 
climatic conditions.  
 Spectral mixture analysis improves the sensitivity of CODED to 
partial canopy damage. However, it is likely that detection of smaller 
disturbance patches can be achieved using higher resolution data, such as 
Sentinel 2. The spectral bands are slightly different for Landsat and Sentinel 
2, indicating that the current implementation could not be directly 
implemented on Sentinel 2 data. Additionally, CODED requires multiple 
years of data for the training period before change can be detected and, since 
Sentinel 2-A was first launched in 2015, could only be used for monitoring 
disturbance after 2016.  
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 The current implementation of CODED relies on spectral and temporal 
metrics to detect change. However, it is possible that disturbance can be more 
accurately detected by incorporating spatial information. The LandTrendr 
forest monitoring algorithm uses spatial segmentation to find congruent 
patches of disturbance (Kennedy et al., 2010). The resulting change maps 
contain clusters that represent specific change events. I believe a similar 
approach could be advantageous for change monitoring with CODED. The 
resulting change map would contain less “salt and pepper” noise, and the 
shape of the patches (e.g. patch size or roundness) could be useful for 
classifying disturbance type.   
 During this dissertation I compared change maps created using 
CODED to field data on dates and locations of fire and selective logging 
presented in Longo et al. (2016) and Rappaport et al. (2018). Whiles overall 
the maps corresponded well to the field data, there were notable examples of 
errors of omission in the CODED change maps. The statistical estimators 
used in this dissertation accounted for these errors when reporting areas. 
However, these data will be useful for calibrating the CODED methodology 
and reducing errors of omission in the future. By reducing errors of omission 
the dataset will be more useful for spatial analysis. Additionally, as errors of 
omission increase uncertainty in the area estimates, a more accurate 
stratification will improve the efficiency of the estimation procedure.  
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 For Chapter 3 of this dissertation I utilized a secondary change 
detection algorithm to locate possible errors of omission. The approach was 
based on an offline version of CUSUM and therefore detected change in a 
fundamentally different way than CODED. However, both change detection 
approaches utilize regression models, which requires a semi-consistent data 
time series. It is likely that neither approach would effectively detect 
disturbance in regions with minimal cloud-free data. In such locations, it may 
be preferable to detect change using image composites or direct classification 
of multi-date imagery. Given the minimal computational requirements for 
performing change detection, I believe future methodology development 
should focus on ensemble algorithms that can effectively detect change under 
varying levels of data availability.  
For this dissertation, I utilized unbiased statistical estimators to 
calculate area and variance. Consequently, the area estimates reported in 
this dissertation were generally consistent with “Good Practice” guidelines 
for reporting areas of disturbance (Penman et al., 2003). However, there is 
still a need for improvements on research designs that can efficiently 
estimate areas with high precision. For example, in this dissertation I did not 
differentiate degradation and natural disturbances. However, with the 
availability of medium-to-high resolution Sentinel 2 and Planet data, I 
believe this distinction can be determined in the future. This will be 
		
127 
necessary for programs such as REDD+, in which distinguishing 
anthropogenic and natural disturbance is essential. I believe that activity 
data on degradation can be achieved using the CODED methodology to 
produce a change map, then deriving a sample and assigning disturbance 
type labels by comparing the samples to high-quality reference data. The 
activity data (or areas of specific disturbance types) could then be estimated 
with a post-stratified estimator (Olofsson et al., 2013b).  
The results of this dissertation were the first attempt to estimate areas 
for the entire study region. The area estimates are considered unbiased and 
provide an estimate of uncertainty. However, sample-based estimates of area 
do not provide information about spatial patterns. It is likely that D/ND and 
deforestation are strongly correlated with human activity and development, 
and possible that they correspond to certain forest types or ecological 
conditions. Comparison of multiple spatial variables (such as disturbance and 
population) is challenging using statistical inference, and therefore it would 
be useful to analyze trends directly with the mapped disturbance dataset. 
This analysis could give insight as to predictors of future disturbance, which 
would be useful for planning conservation initiatives.  	
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5.2.2 Conservation and Restoration 
In the 20th century, increasing ecological destruction and land degradation 
has been met with efforts to conserve tropical forests ("World Conservation 
Strategy", 1980; Watson et al., 2014). Conservation in the Amazon has 
received particular international attention due to its’ importance in global 
natural systems and the extensive indigenous communities (Nepstad et al., 
2006; Schwartzman and Zimmerman, 2005). The disturbance dataset 
produced in Chapter 3 would be useful for evaluating the effectiveness of 
protected areas across the Amazon. In particular, it can be used to determine 
whether disturbances in protected areas are being driven by land conversion 
through deforestation or D/ND.  
 The CODED methodology developed in Chapter 2 would be applicable 
for international carbon offset programs that promote conservation. 
Currently, there are few countries that report emissions from degradation for 
REDD+ or other greenhouse gas reporting mechanisms (Milbank et al., 
2018). This research shows that it is possible to estimate area and emissions 
from D/ND that are unbiased and provide an estimate of uncertainty.    
This dissertation found that the rates of deforestation and D/ND in the 
Amazon have changed since 1995. D/ND appears to be increasing due to 
droughts, resulting in a similar aboveground carbon loss as deforestation. 
While previous conservation initiatives have focused on large-scale 
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deforestation (Godar et al., 2014), our results stress the importance of 
prioritizing efforts to prevent or mitigate D/ND. Ultimately, restoration 
priorities are project-specific and deforestation and D/ND result in different 
ecological changes. Regardless, the effects of D/ND on Earth’s natural 
systems cannot be ignored when planning for long-term conservation 
initiatives.  
While this dissertation details the extent of disturbed forests in the 
Amazon, those forests offer opportunities for restoration and resilience. 
Restoration of degraded forests can restore ecosystem services and sequester 
carbon from the atmosphere. Before this is realized, however, it is essential 
for disturbed forests to be mapped and quantified. The disturbance dataset 
produced in Chapter 3 can be used for targeting forests for restoration 
through projects such as Initiative 20 x 20 (Vergara et al., 2016).  
5.2.3 The Carbon Cycle 
The tropical forest carbon flux is considered one of the largest sources of 
uncertainties in the global carbon cycle (Houghton et al., 2001). While the 
Amazon is only part of the global tropical forest ecosystems, it contributes 
approximately 11-66% of the global carbon emissions from land cover change 
(Chapter 4). This dissertation supports previous estimates of emissions due 
to deforestation, but suggests that there is an unaccounted for source of 
emissions due to D/ND. In addition to the previously reported emissions from 
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deforestation, this dissertation suggests that there are an additional 0.12 Pg 
C/year emitted due to D/ND, equivalent to 13% global emissions from land 
use change.  
The carbon model used in this dissertation was limited due to a lack of 
data to parameterize the model. Future research about the carbon dynamics 
of D/ND would greatly benefit from extensive field campaigns to disturbed 
forests. Ideally, forest conditions would be examined before and after a 
disturbance. Specifically, there is a need for information on emissions due to 
D/ND for the major forest carbon pools. It is possible that carbon loss from a 
disturbance is correlated with spectral change in corresponding Landsat 
images, which is recorded in CODED as the change magnitude. It is also 
possible that regeneration is modeled by the slope coefficient in the post-
disturbance regression model. Put simply, there is value in comparing the 
change metrics calculated in CODED to field data on forest change.  
5.2.4 The Amazon 
This dissertation found that the estimated area of disturbance in the Amazon 
is 44-60% higher than comparable assessments. Consequently, the Amazon is 
closer to the theorized “tipping point” for hydrological collapse than 
previously realized (Lovejoy and Nobre, 2018). The extreme droughts in 2005, 
2010, and 2016 may be early indications of a drastic hydrologic response to 
disturbance and climate change. It is likely, however, that D/ND does not 
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have the same widespread effect as deforestation. More research is needed on 
the regional effect of D/ND on weather patterns, the hydrologic cycle, and 
biodiversity.  
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